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Cardiac conduction abnormalities can oen lead to heart failure, stroke and sudden cardiac death.
Heart disease stands as the leading cause of mortality and morbidity in the United States, account-
ing for 30% of all deaths. Early detection of malfunctions such as arrhythmias and systolic heart
failure, the two heart conditions studied in this dissertation, would denitely help reduce the bur-
den cardiovascular diseases have on public health and overcome the current clinical challenges.
e imaging techniques currently available to doctors for cardiac activation sequence mapping
are invasive, ionizing, time-consuming and costly. us, there is an undeniable urgent need for a
non-invasive and reliable imaging tool, which could play a crucial role in the early diagnosis of
conduction diseases and allow physicians to choose the best course of action.
e 12-lead electrocardiogram (ECG) is the current non-invasive clinical tool routinely used
to diagnose and localize cardiac arrhythmias prior to intracardiac catheter ablation. However, it
has limited accuracy and can be subject to operator bias. Besides, QRS complex narrowing on
the clinical ECG aer pacing device implantation is also used for response assessment in patients
undergoing Cardiac Resynchronization erapy (CRT). e laer is an established treatment for
systolic heart failure patients who have Le Bundle Branch Block as well as a reduced ejection
fraction and prolonged QRS duration. Yet, it is still not well understood why 30 to 40 % of CRT
recipients do not respond.
Echocardiography, due to its portability and ease-of-use, is the most frequently used imaging
modality in clinical cardiology. In this dissertation, we assess the clinical performance of Elec-
tromechanical Wave Imaging (EWI) as a high frame rate ultrasound-based functional modality
that can non-invasively map the electromechanical activation of the heart, i.e., the transient de-
formations immediately following the electrical activation. e objective of this dissertation is to
demonstrate the potential clinical value of EWI for both arrhythmia detection and CRT charac-
terization applications.
e rst step in translating EWI to the clinic was ensuring that the technique could reli-
ably and reproducibly measure the electromechanical activation sequence independently of the
probe angle and imaging view in healthy human volunteers (n=7). is dissertation then demon-
strated the accuracy of EWI for localizing a variety of ventricular and atrial arrhythmias (acces-
sory pathways in Wol-Parkinson-White (WPW) syndrome, premature ventricular contractions,
focal atrial tachycardia and macro-reentrant atrial uer) in pediatric (n=14) and adult (n=55)
patients prior to catheter ablation more accurately than 12-lead ECG predictions, as validated
against electroanatomical mapping.
Additionally, 3D-rendered EWI isochrones were illustrated to be capable of signicantly dis-
tinguishing dierent biventricular pacing conditions (p≤0.05) with the RWAT and LWAT metrics,
assessing the ventricular dyssynchrony change in heart failure patients (n=16) undergoing CRT,
and visualizing it in 3D. EWI also provided quantication of %RMLV in CRT patients (n=38):
the amount of le-ventricular resynchronized myocardium, which was found to be a reliable
response predictor at 3-, 6-, or 9-month clinical follow-up through its post-CRT values by sig-
nicantly identifying super-responders from non-responders within 24 hours of implantation
(p≤0.05). Furthermore, 3D-rendered isochrones successfully characterized the ventricular activa-
tion resulting from His Bundle pacing for the rst time (n=4), which was undistinguishable from
true physiological activation in sinus rhythm healthy volunteers with the EWI-based activation
time distribution dispersion metric. e dispersion was, however, reported to signicantly dis-
criminate novel His pacing from other more conventional biventricular pacing schemes (p≤0.01).
Finally, we developed and optimized a fully automated zero-crossing algorithm towards a
faster, more robust and less observer dependent EWI isochrone generation process. e support
vector machine (SVM) and Random Forest machine learning models were both shown capable
of successfully identifying the accessory pathway in WPW patients and the pacing electrode
location in paced canines. Nevertheless, the best performing algorithm was hereby proven to be
the Random Forest classier with n=200 trees with a precision rising to 97%, and a predictivity
that was not impacted by the type of testing dataset it was applied to (human or canine).
Overall, in this dissertation, we established the clinical potential of EWI as a viable assisting
visual feedback tool, that could not only be used for diagnosis and treatment planning prior
to surgical procedures, but also for monitoring during, and assessing long-term resolution of
arrhythmia aer catheter ablation or heart failure aer a CRT implant.
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une thèse de science en plus d’une thèse de médecine, parce que pourquoi pas! A Miguel qui l’a
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Cardiac conduction abnormalities can oen lead to heart failure, stroke and sudden cardiac death.
ese heart diseases remain a major cause of death worldwide due to global aging. For the past
decades, their prevalence in developed countries has kept increasing, and now they account for
30% of all deaths globally. Heart disease also stands as the leading cause of mortality and mor-
bidity in the United States (approximately 1 out of 3 deaths) [138]. Moreover, it poses a severe
economic burden and is projected to cost the U.S. healthcare system more than $800 million yearly
by 2030 [86]. Early detection of malfunctions such as arrhythmias and systolic heart failure, the
two heart conditions studied in this dissertation, would denitely help reduce the burden cardio-
vascular diseases have on public health and overcome the current clinical challenges. However
despite these striking health gures and the urgent need for prevention, the imaging techniques
currently available to doctors for cardiac activation sequence mapping are invasive, ionizing,
time-consuming and costly. us, there is an undeniable urgent need for a non-invasive, e-
cient and reliable imaging tool, which could play a crucial role in the early diagnosis of cardiac
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conduction diseases and allow physicians to choose the best course of action.
e 12-lead electrocardiogram (ECG) is the current non-invasive clinical tool routinely used to
diagnose and localize cardiac arrhythmias prior to catheter ablation. QRS complex narrowing on
the clinical ECG aer pacing device implantation is also used for response assessment in systolic
heart failure patients undergoing Cardiac Resynchronization erapy (CRT). However, 12-lead
ECG has limited spatial resolution, because it provides only global information on the cardiac
electrical activity. Additionally, ECG can be subject to operator bias and inter-observer variability.
On the other hand, electroanatomical mapping (EAM) is a more precise imaging technique widely
used in interventional cardiology, but it relies on an invasive intracardiac catheter inserted into
the cardiac chambers. e laer comes in contact with the inside surface of the heart and records
electrical signals point by point to generate 3D spatial maps of the electrical conduction, which
is a time-consuming process. EAM also requires the use of uoroscopic imaging, making it an
ionizing approach.
Echocardiography-based imaging techniques are non-invasive, low-cost and do not require
the use of potentially harmful ionizing radiation. Ultrasound is therefore a highly desirable imag-
ing modality from a patient perspective. It enables visualizing the mechanics and measuring the
dynamics of the heart through the cardiac cycle, yielding diagnostic and prognostic information.
Furthermore, the portability and ease-of-use of ultrasound systems have led to widespread adop-
tion among cardiologists, establishing ultrasound as the most frequently used imaging modality
in clinical cardiology. Electromechanical Wave Imaging (EWI), discussed in detail in this disserta-
tion, is a high frame-rate ultrasound-based functional modality that can non-invasively map the





e specic aims of this dissertation and associated hypotheses are described below:
AIM 1: Evaluate the reproducibility and angle independence of EWI for the measure-
ment of electromechanical activation during sinus rhythm
• Activation maps are repeatable within the same acquisition across consecutive cardiac cycles.
• Activation maps are reproducible within the same standard echocardiographic view across suc-
cessive acquisitions.
• Isochrone generation is angle independent and results in similar activation times within equiv-
alent LV regions across dierent imaging views.
AIM 2: Investigate EWI’s accuracy in localizing ventricular and atrial arrhythmias prior
to catheter ablation, validated by intracardiac mapping
• EWI can predict ventricular and atrial arrhythmia origins prior to ablation correctly and the
identied locations correlate with the true arrhythmic source found with intracardiac mapping.
• EWI location predictions are more accurate than clinical 12-lead ECG interpretation performed
by blinded electrophysiologists.
• 2.1: EWI can assess the dierences in activation from before to aer successful accessory path-
way ablation in Wol-Parkinson-White patients.
• 2.2: EWI can capture the change in activation paern between a sinus beat and its consecutive
premature ventricular contraction ectopic beat in the same patient prior to ablation.
• 2.3: EWI can characterize macro-reentrant circuit propagation in atrial uers.
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AIM 3: Demonstrate EWI’s ability to characterize pacing conditions and quantify Car-
diac Resynchronizationerapy response
• Isochrones are capable of successfully identifying the earliest electromechanical activation
originating from the location of the pacing electrodes.
• 3.1: EWI can distinguish biventricular CRT conditions in heart failure patients, assess the ven-
tricular dyssynchrony change and visualize it in 3D.
• 3.2: 3D-rendered EWI can quantify the amount of resynchronized myocardium within 24 hours
of implant and predict CRT response at 3-, 6- or 9-month follow up.
• 3.3: 3D-rendered EWI can characterize ventricular activation resulting from novel His-Bundle
pacing, dierentiate it from conventional biventricular pacing and conrm replication of true
physiological activation in sinus rhythm.
AIM 4: Optimize zero-crossing detection and selection, towards a more robust and au-
tomated isochrone generation process
• Optimized automated zero-crossing detection results in a faster isochrone generation process,
while preserving the accurate electromechanical activation paern from manual generation.
• Training machine learning algorithms to automatically generate isochrones with manually se-
lected zero-crossing features from past validated cases leads to more robust activation maps.
1.3 Overview and Signicance
e overall goal of the work presented in this dissertation is to demonstrate that Electromechan-
ical Wave Imaging (EWI) is a viable assisting tool for non-invasive diagnosis, treatment-planning
and monitoring in the clinic. I will focus on two applications in particular: localization of ar-
rhythmia in all four cardiac chambers and assessment of Cardiac Resynchronization erapy
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(CRT) response in heart failure patients. Moreover, I will specically be interested in ve types of
heart disease: accessory pathways (APs) in Wol-Parkinson-White (WPW) syndrome, Premature
Ventricular Contractions (PVCs), focal atrial tachycardia (ATach), macro-reentrant atrial uer
(Auer) and heart failure with Le Bundle Branch Block. e rst step in translating EWI to
the clinic is ensuring that the technique can reliably measure the electromechanical activation
sequence independently of the imaging view. To achieve this goal, the reproducibility and angle
independence of EWI will rst be evaluated in healthy volunteers in specic aim 1. EWI will then
be validated against electroanatomical mapping in a pediatric and adult patient population for
localizing various types of ventricular and atrial arrhythmias prior to ablation. ese arrhythmic
studies in specic aim 2 seek to assert the clinical value of EWI, complementary to 12-lead ECG,
for pre-operatively planning ablation procedures, as well as potentially reducing risks to patients
by minimizing radiation and shortening procedure times. Next, I will investigate EWI’s capa-
bility to characterize dierent pacing conditions and quantify response in heart failure patients
undergoing Cardiac Resynchronization erapy as early as within 24 hours of device implant.
Specic aim 3 in fact assesses EWI as a visual feedback tool capable of illustrating the amount of
resynchronized myocardium on the implantation day. A tool the operating electrophysiologists
could use for: i) optimizing lead placement and pacing vectors during device implantation proce-
dures; ii) assessing and monitoring long-term resolution of heart failure with CRT; and lastly iii)
potentially ensuring beer response rates thanks to its immediate prediction capabilities. Finally,
an optimization study of the zero-crossing selection process will be conducted in specic aim 4 to
develop a more robust and automated method for EWI activation map or isochrone generation,
AIM 1 (Chapter 4):
Reproducibility &
angle independence
AIM 2 (Chapter 5): 
Arrhythmia localization & validation
AIM 3 (Chapter 6): 
Assessment of treatment response
AIM 4 (Chapter 7):







Figure 1.1: Overview of the research conducted in this dissertation: owchart of the specic
aims and associated chapters.
5
1.3. OVERVIEW AND SIGNIFICANCE
relying on machine learning models. ese improvements seek to bring EWI closer to a more
robust real-time implementation and towards an easier integration into the clinical workow.
is dissertation will be organized as follows (Figure 1.1). Chapter 2 will cover the basics of
cardiac physiology and diagnostic imaging, and discuss the various heart conditions that will be
studied throughout this dissertation. Chapter 3 introduces EWI, details its underlying method-
ology and processing steps, covers the recent developments made with the 3D-rendering algo-
rithm and presents the results of the multi-2D sampling eect study assessed on the resolution
of 3D-rendered EWI isochrones. Chapter 4 describes the EWI reproducibility and angle indepen-
dence study for measuring electromechanical activation during sinus rhythm in healthy human
volunteers. Chapter 5 details the EWI localization prediction results on ventricular and atrial
arrhythmic patients in the clinic, validated against intracardiac electroanatomical mapping and
standard 12-lead ECG interpretation. Chapter 6 then presents the ndings of 3D-rendered EWI
clinical studies in patients undergoing CRT, both with conventional biventricular pacing and
novel His-Bundle pacing. Chapter 7 details the development and implementation of a new au-
tomated isochrone generation technique aimed at optimizing and speeding up the zero-crossing
selection process through machine-learning algorithms. Finally, Chapter 8 summarizes the dis-
sertation and proposes some future directions for EWI.
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Chapter 2
Cardiac Mechanics, Electrical Activity,
and Electromechanics
In this Chapter, we seek to present an overview of the heart and its electrophysiology. We will
rst describe the cardiac anatomy, followed by an explanation of the normal electrical conduction
system of the heart and associated electromechanical activity. is Chapter will then introduce
the abnormal cardiac rhythms and heart conditions studied in this dissertation. Finally, we will
discuss the most commonly-used diagnostic equipment and dierent modalities available in the
clinic to image the heart’s mechanical and electrical behavior.
2.1 e Heart
2.1.1 Anatomy and electrophysiology
Structure and physiology of the heart
e heart, a major organ of our cardiovascular system, is a physiological pump whose main
function is to distribute blood throughout the body. e four-chambered organ consists of the
7
2.1. THE HEART
le and right atria (LA and RA), known as the upper receiving chambers, and the le and right
ventricles (LV and RV), known as the lower discharging ones (Fig.2.1-a). e atria and ventricles
are connected by the mitral valve (MV) on the le side and the tricuspid valve (TV) separates
the RA from the RV. Both atrioventricular valves control the blood ow between the upper and
lower chambers by opening and closing at regular intervals during normal cardiac function. e
le side’s role is to pump the oxygenated blood into the systemic circulation, while the right side
pumps the oxygen-depleted blood to the lungs into the pulmonary circulation.
e heart pumping cycle is commonly divided into two phases in time: systole and diastole.
e systole corresponds to the overall contraction of the ventricles which results in the ejection
of the blood from the heart, while the diastole corresponds to the relaxation of the heart from
contraction and the passive lling of the atria and ventricles with blood. Systole and diastole are
typically dened with respect to ventricular mechanics, which is why systole is oen referred
to as the phase of “active contraction” and diastole is thought of as the “passive lling” phase.
However, it is important to note that instances of contraction and relaxation occur at alternating
times in the atria compared to the ventricles. roughout this thesis dissertation, we will mostly
be focusing on atrial and ventricular systole, lasting approximately 300 ms in a healthy subject
with a resting heart rate of 75 beats per minute (bpm) [28].
e cardiac muscle or myocardial wall is composed of three layers: the epicardium (outer-
most), the myocardium (middle), and the endocardium (innermost). e pericardium is a double-
walled brous sac that surrounds the entire heart muscle. e major functional tissue layer is the
myocardium, responsible for the contraction and ejection action. e myocardial muscle cells
or cardiomyocytes are arranged into bers embedded in an extracellular matrix [70]. Individual
myocytes are irregular ellipsoid cylinders 80 to 120 µm in length and 10 to 25 µm in diameter




e heart is an electromechanical pump that needs to be electrically activated before it can me-
chanically contract [76]. e pacemaker cells or specialized cardiomyocytes are responsible for
the spontaneous ring of action potentials [91]. e electrical activation originates at the sinoa-
trial node (SA) in the RA where a cluster of pacemaker cells is located subepicardially. is is the
natural pacemaker of the heart: it initiates all heart beats and determines the heart rate. From
there, propagation of the cardiac action potentials throughout the heart occurs both through the
fast specialized cardiac conduction system (Fig.2.1-a) known as the Purkinje network [3], and
more slowly from cardiomyocyte to cardiomyocyte through cellular gap junctions [172]. e
electrical impulses from the SA node spread throughout the RA and propagate to the LA via the
Bachmann’s Bundle [10]. Activation further propagates thanks to the atrioventricular (AV) node
that serves as the only electrical gate way to the ventricles in a healthy heart. e conduction
slows for a brief moment at the atrioventricular junction to ensure complete activation of the
Figure 2.1: Specialized electrical conduction system of the heart, also known as the Purkinje
network (schematic adapted from hps://www.getbodysmart.com). a) Conduction pathways
through the heart; b) Electrocardiogram in sinus rhythm. RA=right atrium, LA=le atrium,
RV=right ventricle, LV=le ventricle, SA=sinoatrial, AV=atrioventricular, TV=tricuspid valve,
MV=mitral valve, RBB=right bundle branch, LBB=le bundle branch.
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atria ahead of the ventricles. e AV node receives signals from the SA node and passes them
onto the His Bundle. e Bundle of His then divides into the right and le bundle branches (RBB,
LBB), which run along the interventricular septum and serve to innervate the right and le ven-
tricles respectively. e signals are nally conducted along all the small branches of the Purkinje
bers; toward the apex of the heart and spreading higher throughout the ventricles toward the
base, allowing for activation of the entire myocardium.
e electrical activity of the heart can be recorded on a high level picture in the form of an
electrocardiogram (ECG) by using surface electrodes placed on the subject’s chest [107]. A normal
wavefront in sinus rhythm can be seen on the ECG trace (Fig.2.1-b). Each wave, deection or
segment of the ECG trace illustrates a certain event of the cardiac electrical cycle. For instance,
the SA node ring and atria depolarization is represented by the P wave. e QRS complex marks
the ring of the AV node and represents ventricular depolarization. Finally, the T wave represents
ventricular repolarization immediately before ventricular relaxation or ventricular diastole.
Electromechanical activity
e electromechanical activity of the heart corresponds to the mechanical response induced by
the electrical activation. e electrical conduction in cardiomyocytes can be modeled by adapting
the Hodgkin-Huxley model of the squid axon [88], [143]. Cell depolarization is the result of
ion movement in and out of the cell membrane through the sodium, potassium and other ion
channels. However, unlike neurons, the cardiac action potential lasts much longer: approximately
200 to 400 ms as opposed to 1 ms [184]. is lengthening of the action potential results from the
crucial role of calcium channels. In fact, the depolarization of the cardiomyocytes is followed by
an intake of calcium by the cells which triggers the contraction.
More particularly, the electromechanical wave (EW) refers to the propagation of the onset
of the cardiac contraction in response to electrical activation of the heart. e lag between the
depolarization and the onset of the contraction of the cardiomyocytes is what we dene as the
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Figure 2.2: Excitation-contraction coupling curves in the heart. Cardiac cells are rst electrically
activated by the action potential before experiencing mechanical activation by cell shortening.
e lag between the two is known as the electromechanical delay. As the action potential propa-
gates through the myocardium, so does the electromechanical activation. Heart diagram source:
Wikimedia.org.
electromechanical delay (Fig.2.2). Typically, this delay lies in the range of tens of milliseconds
[19], [43], [163]. As such, it is worth mentioning that the propagation of the electrical activation
and onset of contraction occurs much faster than the overall contraction of the heart. For instance,
ventricular depolarization occurs within 50-60 ms, while the contraction can last 300 to 400 ms.
us, capturing the propagation of the EW and mapping the electromechanical activation of the
heart requires the use of a high frame-rate imaging sequence, introduced in the next section (2.2)
and used in all the subsequent chapters of this dissertation.
2.1.2 Ventricular and atrial arrhythmias
Arrhythmias or abnormal heart rhythms are a clinical challenge as they aect 300 million people
worldwide [1]. ey result from conduction disorders and lead to irregular heartbeats that dier
from the normal sinus rhythm (NSR) of a healthy human. Arrhythmias can occur in the ventricles
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as well as in the atria, and can be classied depending on the underlying mechanism responsible
for their existence [55]. e two main categories are: enhanced or abnormal electrical impulse
formation resulting in focal rhythms and reentry with macro-reentrant circuits. In focal rhythms,
the cardiac cells spontaneously depolarize and trigger electrical activity, while during reentry,
a propagating impulse fails to die out aer normal activation of the heart and re-excites the
myocardium aer the end of the refractory period [70].
In this dissertation, the ventricular arrhythmias we will cover are Wol-Parkinson-White
syndrome and Premature Ventricular Contractions. In the atria, we will be interested in focal
atrial tachycardia and macro-reentrant uers.
Wol-Parkinson-White (WPW) syndrome, a disorder associated with supra-ventricular
tachycardia [25], occurs with the additional presence of an accessory pathway (AP) between the
atria and ventricles [212], bypassing the usual only gate responsible for activation propagation
between the two (i.e., the AV node) (Fig.2.3-a). APs are congenital abnormalities that can lead
to ventricular pre-excitation where part of the ventricles are depolarized earlier than would be
expected during normal conduction occurring through the AV node [62]. e abnormal AP con-
sists of abnormal conductive cardiac tissue and is beer known as the Bundle of Kent. WPW can
be symptomatic or asymptomatic, and the resulting ventricular pre-excitation can be diagnosed
on the 12-lead ECG as illustrated by the presence of shorter PR intervals and a delta wave at the
onset of the QRS complex, instead of a steep Q-R segment slope (Fig.2.3-a).
Premature Ventricular Contractions (PVCs) denote additional, abnormal heart beats
that originate in either one of the ventricle. ey are due to the presence of an arrhythmic focus
in the Purkinje bers that triggers the ectopic beat [117], [156], [151], instead of the SA node
initiating the heartbeat (Fig.2.3-b). In the absence of underlying heart disease, PVCs are usually
asymptomatic and non-sustained; PVC burden varies across patients. When an ectopic beat and
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Figure 2.3: Abnormal heart rhythms alongside their corresponding ECG tracings (schemat-
ics adapted from hps://www.getbodysmart.com). a) Wol-Parkinson-White syndrome; b) Pre-




a sinus rhythm beat alternate systematically and are repeated periodically on the ECG, this can
be referred to as ventricular bigeminy. A PVC beat is easily distinguishable from a normal beat
on the ECG as its morphology diers considerably. Ectopic beats are characterized by an abnor-
mal QRS complex in shape: the depolarization peak is wider than the normal sinus QRS complex
with a T-wave that is large in the opposite direction and the corresponding P-wave is oen absent
(Fig.2.3-b).
Focal atrial tachycardia (ATach) is dened as a rapid regular atrial rhythm (130-250 bpm)
[119]. ATach occurs when electrical pulses are initiated by a single location in the atria (arrhyth-
mic focus) with abnormal pacemaker activity that disrupts the normal ring of the SA node
(Fig.2.3-c) [173]. Electrophysiological studies have shown that ECG is not able to explain all of
the ATach mechanisms nor display a singular characteristic waveform paern [178], [35].
Macro-reentrant atrial fluer (Afluer) is dened as a very rapid rhythm (240-340 bpm)
[119]. Auer occurs when instead of the SA node ring and propagating to the AV node, there
is an abnormal reentrant circuit causing the electrical signals to loop and circulate in one of the
atria (Fig.2.3-d) [60], [45]. Typical Auers occur in the RA and are due to an area of slower
conduction at the cavotricuspid isthmus (CTI) [39]. Although typically located in the RA, uers
have also been observed in the LA (atypical Auer) with reentrant circuits located around the
mitral valve, the pulmonary veins or a region of block due to scarring [96]. e resulting irregular
heartbeat can be seen on the ECG, as illustrated by a saw tooth p-wave paern between the QRS
complex (Fig.2.3-d) [178]. In fact, the ventricular activation cannot accommodate the fast rate of
atrial activation and this can result in a 2:1 or even 4:1 rhythm, which means that the ventricles
are mobilized every 2 respectively 4 atrial activations only.
14
2.1. THE HEART
Catheter ablation is a well-established treatment for ventricular and atrial arrhythmias,
and generally the preferred rst line standard aer failed pharmacology therapy with antiar-
rhythmic drugs [5], [149]. It consists of inserting an intracardiac catheter in the heart and ablating
the myocardial tissue responsible for the abnormal rhythm in order to terminate it. e cardiac
tissue causing the arrhythmia can either be exposed to heat (radiofrequency RF ablation) energy
or to cold (cryoablation). Ablation treatment is typically preceded by an electrophysiology study
(EPS) where mapping catheters are used to identify the location of the arrhythmia, in order to
beer direct the operating electrophysiologist upon ablation.
2.1.3 Systolic heart failure
Another type of cardiac disease we will examine in this thesis dissertation is heart failure (HF).
Heart failure is a clinical challenge as it aects more than 5 million Americans each year [32],
[138]. In developed countries, 2% of the adult population has HF, and most patients are over 70
years old [8], [206]. Moreover the fatality rate of HF is high, with 22% of the patients dying one
year aer their rst hospitalization, and rising to 42% aer ve years [95]. e cost of HF in the
USA is estimated to $32 billion today and may increase to $70 billion by 2030 [87].
More particularly, systolic heart failure is caused by the weakening of the le ventricle. It
corresponds to the inability to pump sucient blood to the body, resulting in an impaired le
ventricular ejection fraction (LVEF≤35%), fatigue, pulmonary edema, and eventually sudden car-
diac death. Systolic HF is oen associated with Le Bundle Branch Block (LBBB). LBBB is a
conduction disorder in which there is no propagation along the Le Bundle Branch of the Purkinje
network. e LV activation is therefore delayed compared to the right side, leading to ventricu-
lar dyssynchrony and a widened QRS on the ECG. Diagnosis of systolic HF is usually performed
with the ECG, in addition to conventional echocardiography to identify the reduction in LVEF.
e New York Heart Association (NYHA) functional classication system places HF pa-
tients in one of the four following categories based on their symptomatic presentation and how
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much they are limited during physical activity [216], [30]. Stage I: ordinary physical activity
does not cause fatigue nor shortness of breath; Stage II: comfortable at rest but ordinary physical
activity results in fatigue and shortness of breath; Stage III: comfortable at rest but less than or-
dinary activity causes fatigue, palpitation, or shortness of breath; and nally Stage IV: symptoms
of heart failure are present at rest and if any physical activity is undertaken, discomfort increases.
Stage I is oen simply treated with exercise and diet recommendation, while for Stage II, it can
be accompanied by some pharmacological therapy. Stages III and IV are accompanied by severe
symptoms that oen cannot be managed with lifestyle changes and drugs alone.
Cardiac Resynchronization therapy (CRT) is an established treatment for congestive HF
patients (stages III and IV) who have LBBB as well as a reduced LVEF below 35% and a prolonged
QRS duration of more than 120 ms [79], [2], [42]. Contrary to standard dual-chamber pacemakers
with both pacing leads located endocardially in the right cardiac chambers, CRT usually relies on
what we call conventional biventricular (BiV) pacing, due to the addition of a lead placed on the
le side of the heart. In fact, the CRT procedure consists of implanting a device with a pacemaker
baery and inserting three leads into the heart. Typical lead placement is as follows: the rst one
is placed endocardially in the RA, while the second is xed at the apex in the RV cavity, and
nally the third lead is placed epicardially through the coronary sinus on the free wall of the LV.
is CRT device is designed to allow the resynchronization of the LV with the RV to restore the
heart’s optimal systolic function by simultaneously pacing both ventricles.
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2.2 Cardiac Imaging Modalities
2.2.1 Mechanical imaging in the clinic
Mechanical Properties of the Heart
e mechanical function of the heart is closely related to the ability to pump blood to the rest of
the body. us, imaging the mechanics of the cardiac muscle is crucial and tantamount to assess-
ing its functionality. e underlying mechanical properties of the heart allows us to model this
organ as an orthotropic, incompressible, non-linear, visco-elastic body undergoing large defor-
mations [76]. is approximation implies that the innitesimal strain theory will only apply over
short durations. Displacement can be formalized at each point in space by a three-dimensional
vector. e displacement of a body can be decomposed into two components: a rigid-body dis-
placement (translation, rotation) and a deformation.
e strain tensor is a quantity that describes how a material deforms from a reference to a







e strain tensor in its matrix form has a total of nine elements: three components for normal
strain (εii) and six for shear strain (εij with i 6= j). In this dissertation, we limit our analysis to
classic linear elasticity theory since the inter-frame deformations are estimated to be very small
(i.e., typically ε < 1% and even< 0.05%) and therefore comply with the small strain approximation
in mechanics [219], given we will be using very high frame-rate imaging sequences. Within that
range, we can safely assume that the myocardium behaves as a linear medium. e strain matrix
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Mapping the Cardiac Mechanical Activation
Various approaches exist for mapping the mechanical activation of the heart, measuring dis-
placements and strains. Approaches rely on any of the three main imaging modalities: Magnetic
Resonance Imaging (MRI), X-ray or Ultrasound. Imaging the heart’s deformation plays a major
role in assessing its functionality and viability, and is routinely used in the clinic to diagnose heart
failure for instance.
Non-invasive MRI-based imaging techniques [89] include MRI tagging (MRIt) [130], dis-
placement encoding using stimulated echoes (DENSE) [136], and harmonic phase algorithm (HARP)
[147], [121]. All three have been proven capable of estimating the principal components of the
cardiac strain tensor. DENSE has also been used to derive circumferential strain in CRT patients
and has reported the utility of targeted LV lead placement for improved CRT response, using the
site of latest electrical activation or a region that is remote from scar [22].
Besides, X-ray-guided methods such as uoroscopy can be used to study the contraction
of the heart, but are invasive and expose the patients to radiation. Displacements of implanted
radiopaque markers sewn onto the heart can be observed as a function of time on a sequence
of moving computed tomography (CT) images, and strains can then be derived from these dis-
placements [54]. Sonomicrometry is a similar technique, where small (≈ 1 mm) piezoelectric
crystals are implanted into the heart and 2D displacements are locally measured using ultrasound
signals in that case for tracking [118]. ese invasive methods provide high temporal resolution,
yet result in a spatial resolution limited by the maximum number of markers implantable.
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Furthermore, non-invasive and non-ionizing echocardiography approaches are oen
preferred for cardiac diagnosis in the clinic, due to their relatively low-cost and portable aspects.
ese ultrasound-based methods for measuring strain and quantifying myocardial function in-
clude Tissue Doppler Imaging (TDI) [200] and Speckle Tracking Echocardiography (STE)
[115]. e former relies on the Doppler eect for the estimation of myocardial velocities or strain
rate imaging [58], and is an angle dependent technique, while the laer estimates displacements
in any direction by tracking the movement of speckle paerns from frame to frame and com-
paring successive signals received by the transducer. Nevertheless, Doppler estimation and the
use of frequency domain approaches are known to have low signal-to-noise ratio and to be sub-
ject to aliasing, while strain imaging with 3D STE on B-modes typically operates at lower frame
rates and is less accurate than time-domain based techniques such as cross-correlation on the ra-
diofrequency (RF) signals [207]. RF-based cross-correlation will be explained in detail in the next
Electromechanical Wave Imaging chapter. Myocardial Elastography is another time-shied
based technique from our group that relies on RF cross-correlation for mechanical cardiac ap-
plications, and has been used to assess levels of ischemia and monitor ablation lesions in vivo
[118], [80], [34]. TDI in the large prospective trial PROSPECT study [40] and STE with time to
peak systolic strains [188], [74], [104] have both shown interest in dening potential markers of
CRT response. However, despite showing promise in small observational studies, these mechan-
ical ventricular dyssynchrony measures failed to validate their predictive power in multi-center
trials. Other STE derived metrics such as le ventricular global longitudinal strain [105] and me-
chanical dispersion [201] have more recently been investigated for response assessment in large
clinical studies. Finally, these echocardiography strain based methods have also been explored
as potential tools for other applications: non-invasive identication of arrhythmia, such as AP
localization in WPW patients for instance [65], [92].
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2.2.2 Electrical mapping in the clinic
Mapping the electrical activation sequence of the heart is crucial for the diagnosis and treatment
of arrhythmias [148]. Before being able to proceed with catheter ablation, clinicians must rst be
aware of where the arrhythmia is coming from. e existing solutions in the clinic for character-
izing the cardiac conduction paern and localizing the origin of abnormal beats mostly rely on
the 12-lead electrocardiogram and on electroanatomical mapping.
eElectrocardiogram (ECG) is one of the most important tools available to a physician due
to its ease-of-use and familiarity throughout clinical practice. e 12-lead ECG uses 12 surface
electrodes placed on the skin to capture the global summation of all action potentials produced
by cardiomyocytes at high temporal resolution. ECG interpretation is a non-invasive fast and
inexpensive arrhythmia diagnostic approach. However, it has limited spatial resolution and lo-
calization capabilities especially if it comes from the posterior side of the heart, since the signals
recorded are derived from projections of the 3D electrical activation [131], [16].
On the other hand, electroanatomical mapping (EAM) is the most commonly used tech-
nique in the clinic to image the cardiac electrical activity. Clinical electroanatomical mapping
systems include among others CARTO (Biosense Webster, Diamond Bar, CA,USA) and EnSite
(Abbo Medical, St. Paul, MN, USA)). EAM relies on an invasive intracardiac catheter inserted
into the heart chambers and is capable of giving very specic and localized results by generat-
ing spatial maps of electrical conduction [108], [21]. Yet, it is an ionizing and time-consuming
technique that requires the use of uoroscopic imaging and entails prolonged anesthesia, which
makes the procedure costly. Contact EAM consists of inserting an electrode-tipped catheter in
the heart usually through the femoral artery and puing it directly in contact with the myocardial
tissue. en, by simply tracking the electrode in 3D, the signals are localized spatially allowing
for 3D heart activity mapping. Intracardiac voltages are recorded one value at a time, as the
catheter probes the endocardial heart surface point by point. Multi-electrode catheters also exist.
For instance, the “basket catheter” device spreads a 3D array of 64 electrodes in the heart chamber
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that needs to be mapped [111]. Finally, non-contact EAM systems using multi-electrode arrays
have been developed to enable acquisition of data over a full heart chamber in one heartbeat [69].
It was impossible to do so with the unique contact electrode catheter which ran point by point.
e non-contact catheter consists of a balloon recording electrical signals in the cavity [114]. As
stated in its name, the electrodes are not directly in contact with the myocardium. us, the
catheter records far-eld electrical potentials.
More recently, non-invasive electrical mapping approaches such as electrocardiographic
imaging (ECGI) have emerged in clinical seings and been successful in providing high spatial
resolution maps for arrhythmic patients, as well as for CRT applications [169], [90], [211], [97].
ECGI does not require the use of catheters; it reconstructs action potentials in a single heartbeat,
based on numerous body-surface measurements taken on the patient wearing a vest (e.g., 300
electrode vest designed by CardioInsight (Medtronic Inc., Minneapolis, MN, USA)). ECGI relies
on prior patient-specic modeling derived by CT or MRI scans to obtain the patient’s heart-torso
anatomical geometry [73], [53]. Depending on the modality, this anatomical imaging step can
be expensive, time-consuming and expose the patient to ionizing radiation. In addition, ECGI is
typically applied to the epicardial cardiac surface, while endocardial mapping remains a challenge
[61]. Lastly, ECGI is based on the assumption that potentials can be accurately reconstructed
through inverse problem solving [168], [100].
2.2.3 Electromechanical activity characterization
Imaging the electromechanical activity of the heart consists of mapping the propagation of the
very rst instance of transient myocardium deformation, i.e. the electromechanical wave (intro-
duced previously). Early mapping approaches involved suturing crystals onto the heart for strain
estimation or relying on MRIt, and simultaneously using electrodes to capture the electrical sig-
nals [214], [66]. ese studies found a direct linear correlation between the electromechanical
and electrical activation timings, implying that the EW followed similar paerns of propagation
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as electrical activation. ese invasive methods weren’t ideal however, as they could not be ap-
plicable to routine detection in the clinic. Patient-specic computational modelling of the
heart then emerged with Dr. Trayanova’s group at John Hopkins. is simulation tool, based
on patient MRI anatomical data, combines cardiac electrophysiology and mechanics to study
mechanoelectrical coupling and its impact on ventricular arrhythmia mechanisms [84], [197],
[198]. More recently, the Max Planck Institute in Germany developed a novel optical mapping
system for non-invasive structural and functional diagnosis of the heart. e laer is capable
of not only recovering the membrane potential uorescence signal through high speed optical
uorescence mapping, but also obtaining surface displacement and strain with ultrasound. e
proof of concept of their electromechanical vortex laments technique, which maps the dynamics
of electrical and mechanical phase singularities, was shown ex-vivo in Langendor-perfused pig
hearts during atrial brillation [38].
Furthermore, in the past few years, the ultrasound imaging community has gained interest
in mapping the cardiac electromechanical function to beer understand excitation-contraction
coupling. e major dierence between electromechanical and mechanical ultrasound imaging
techniques mentioned in the previous subsection, is the use of inter-frame or incremental strains
compared to the use of global accumulated strains throughout systole. e challenge for produc-
ing accurate electromechanical activation maps is the very brief length of the electrical activation.
Since it lasts less than 100 ms, it requires a temporal resolution of a few milliseconds in order to
achieve accurate activation maps. Standard echocardiography usually has frame-rates of up to
50 Hz, while Strain Rate Imaging and Tissue Doppler Imaging can reach about 180 frames/sec,
which are not sucient for precise mapping of the EW. In fact, the accuracy of motion and strain
estimation is closely linked to the frame-rate. A frame-rate below the minimum required will fail
to accurately sample the deformation of the heart and result in decorrelation of the RF signals.
Conversely, if the interval between two frames is too short, the resulting small motion might
lie below the sensitivity of the motion estimator and result in incorrect estimation. Previous
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study using the theoretical framework of the Strain Filter [203] found that the optimal motion-
estimation rate for imaging the EW propagation is between 500 and 2000 Hz. erefore, high
frame-rate ultrasound imaging is essential [20]. Various ultrafast beamforming and acqui-
sition sequences exist: plane wave [193], [113], ECG-gating [157], Cluer Filter Wave Imaging
[177], [112], temporally unequispaced acquisition sequences (TUAS) [165], multiline transmit se-
quences [195], wide beam and unfocused ash sequences [164]. A comprehensive overview of
these techniques is available in these state of the art review papers [41], [205]. Imaging at high
frame-rates while maintaining a high spatial resolution is a challenging technical tradeo.
Conventional ultrasound imaging consists of transmiing multiple focused beams (Fig.2.4-a)
to insonify dierent regions of the image. is unfortunately limits the frame-rate because all
beams have to be transmied before an image can be reconstructed. Nevertheless, acquisition
transmit sequences and beamforming can be tailored in order to reach as high a frame-rate as
possible. In our group, several approaches have been used in the past in order to move away from
conventional focused ultrasound towards higher frame-rate transmit strategies for the purpose
of cardiac incremental strain imaging [181]. Dividing the full view of the heart into multiple
smaller sectors and then reconstructing it by retrospectively stitching them back together with
ECG-gating was explored (Fig.2.4-c) [209]. Yet, the laer can’t be applied to aperiodic rhythms,
since each sector is acquired within a dierent heartbeat and periodicity is required to avoid
drastic stitching artifacts. On the other hand, TUAS successfully imaged the heart in a single
heartbeat by repeatedly acquiring two directly adjacent consecutive beams before moving on to
the next [160]. Finally, reducing the number of transmits and increasing the frame rate was either
achieved by broadening the focus with a wide beam sequence (Fig.2.4-b) or using a completely
unfocused diverging wave that insonies the full heart view in a single transmit (Fig.2.4-d) at
the expense of spatial resolution however. Instead of focusing the beam during transmit, focusing
is then performed in receive by using appropriate delays on the data from each element of the
imaging probe.
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Figure 2.4: Schematic of dierent acquisition sequences: from conventional ultrasound to high
frame-rate transmit strategies. a) Conventional ultrasound sequence transmits a high number of
focused beams (e.g., 128 lines); b) Focused wide beams requires fewer transmits to cover the entire
eld-of-view (e.g., 30 beams); c) ECG-gating relies on sector-based stitching over multiple heart
cycles; d) Unfocused single diverging wave insonies the whole eld-of-view in one transmit.
Development of single heartbeat acquisition sequences makes it possible to perform elec-
tromechanical imaging on arrhythmic subjects and opens the door to clinical applications. Unfo-
cused single diverging wave transmit is the sequence we used throughout this thesis dissertation,
as detailed in the next Electromechanical Wave Imaging chapter. Even if electromechanical ap-
proaches are still not used in everyday clinical practice, they provide more thorough information
on the heart’s behavior compared to electrophysiological methods, by oering both electrical
and mechanical insights on the cardiac activity. Exploration of non-invasive mapping alterna-
tives, such as echocardiography is therefore worthwhile. As an ultrasound-based technique at
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the center of this dissertation, Electromechanical Wave Imaging, provides a potential alternative
modality for activation mapping that could be used not only for diagnosis and treatment planning
prior to surgical procedures, but also for monitoring during and assessing long-term resolution





Our group has developed over the past 10 years a direct non-invasive and non-ionizing technique
to study the electromechanical behavior of the heart: Electromechanical Wave Imaging (EWI)
[110]. is ultrasound-based modality, capable of mapping the electromechanical activation in all
chambers of the heart in vivo [164], relies on speckle-tracking and time-shied based techniques
for displacement and strain estimation [109], operates at a very high frame-rate and has real-time
feedback capabilities [209], [161], [163].
Besides, EWI was more recently validated in canine hearts against two clinically available
mapping techniques. Electromechanical activation paerns were compared with electrical re-
sults obtained from a 64-electrode basket catheter inserted into the LV, during sinus rhythm, as
well as under epicardial and endocardial pacing [81]. EWI was also validated both epicardially
and endocardially in all four chambers of the heart under normal sinus rhythm and epicardial
LV pacing with conventional 3-D electroanatomic mapping [49]. e resulting electromechan-
ical activation times on the maps (i.e., isochrones) were found to be highly correlated with the
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electrical activation sequence in all four cardiac chambers in normal and paced canine models.
EWI has previously been reported in a variety of applications, such as arrhythmia character-
ization [164], [51], ischemia and infarct assessment in canines [161], [50], as well as CRT in heart
failure patients [166], [33]. An overview of previous EWI studies for each clinical application
of interest in this esis can be found at the beginning of the corresponding Chapters (4-7) and
sections throughout the dissertation.
In this Chapter, we will rst describe the high frame-rate ultrasound acquisition used for EWI
here and explain the image reconstruction and beamforming method. We will then present the
RF speckle-tracking-based motion and strain estimation steps and go over the electromechanical
isochrone maps generation process. Finally, we will introduce and discuss the recent develop-
ments of the EWI technique specic to this thesis.
3.2 Methods
3.2.1 High frame-rate acquisition sequence and beamforming
Electromechanical wave imaging (EWI) relies on a high frame rate ultrasound acquisition se-
quence. e laer consists of emiing circular waves with a single virtual source or focus lo-
cated 10.2 mm behind a 64-element phased array (P4-2 ATL/Philips, Andover, MA, USA) at 2000
frames/s (Fig.3.2-a). e 2.5-MHz imaging probe is used with a Vantage 256 research scanner
(Verasonics, Redmond, WA, USA). is ash EWI sequence, relying on a single diverging wave,
is acquired within a single heartbeat, and the entire eld of view is covered at each transmit [163],
[164]. Radiofrequency (RF) channel data is acquired for 2 seconds in a 90° and 20-cm deep eld
of view, necessary to encompass both ventricles and atria within the standard apical views in
adult humans. A 14 cm depth is otherwise sucient to cover the entire myocardium of interest
in canines and pediatric patients (as used in Chapter 5, section 5.1).
Since no focusing is performed during transmit, the element signals need to be beamformed
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in receive. e process of applying delays and weights to the electrical signals is referred to
as beamforming. Beamforming enables adjusting the focus depth or steering the resulting ul-
trasound beam. Phased-array probes such as the P4-2 used here allow electronic focusing and
steering of the beams. EWI uses dynamic focusing in receive: the RF signal at each pixel is recon-
structed with a standard ”delay-and-sum” beamforming strategy, performed in post-processing
[98], [194]. is straightforward beamforming technique consists of using the delayed channel
data from each element of the probe and summing all the resulting RF signals [80]. Listening to
the returning echoes due to partial reections as they travel through the tissue in order to form




where D is the distance, c the speed of sound in tissues (c = 1540 m/s for so tissue), and t the
echo arrival time. In the range equation, the distance is halved due to the sound waves needing





In fact, the delay-and-sum algorithm computes the amount of time it takes for the ultrasound
wave to reect back to each transducer element (N=64 total here) from each point (x, y) within
the image. e contributions from all transducer elements (ai, i ∈ [1, 64]) are then summed
together at each point in space to generate intensity valuesA(x, y) throughout the image. Finally,
the reconstructed EWI RF frames have an angular sampling of 0.7° (i.e., 128 lines spanning over
a 90° eld of view) and an axial sampling frequency of 20 MHz.
Given that the reconstructed EWI B-mode images result from an unfocused transmit se-
quence, they have low resolution and signal-to-noise ratio. is introduces the need for a higher
resolution anatomic B-mode acquisition at a lower frame-rate; used for the sole purpose of precise
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myocardium segmentation (Fig.3.2-b), which is otherwise challenging if not even unachievable
on the EWI B-modes. erefore, the complete transmit sequence for the diverging wave EWI
method consists of a 2-s high frame-rate acquisition at 2000 Hz either: i) immediately followed
by a standard acquisition of a 64-line conventional focused B-mode at 30 Hz for 1.5 seconds (total
of 3.5 s); or ii) preceded by a 2-s compounded ultrasound sequence of diverging waves (total of
4 s). e laer is usually employed in our group for Myocardial Elastography applications [180].
Here, the compounded sequence was programmed with a total of 30 virtual sources, resulting
in a frame rate of 100 Hz [133]. Meanwhile, simultaneous recording of the electrical activity is
obtained with four electrodes placed on the subject’s chest connected to an ECG unit (IX-BIO4,
iWorx, Dover, NH, USA), and synchronized with the EWI acquisitions by a trigger signal sent by
the Vantage scanner. During EWI processing and more particularly for accurate motion estima-
tion (described below), the ECG traces from Lead II recordings are retroactively used to temporally
align the anatomic B-mode acquisition with the high-frame-rate RF sequence.
In most subsequent chapters, EWI was performed in four standard transthoracic echocardio-
graphic apical views (Fig.3.2-a): four chamber, two chamber, three-chamber and three-and-a-half-
chamber (4-ch, 2-ch, 3-ch and 3.5-ch). Nevertheless, in Chapter 4, parasternal-long-axis (PLAX)
views were also acquired. Aer beamforming of the radiofrequency signals for each echocardio-
graphic view on a Tesla GPU (NVIDIA) for faster computation speed, the actual EWI processing
begins.
3.2.2 Ultrasound RF speckle-tracking: motion and strain estimation
Ultrasound ”speckle” denotes the granular paern that arises due to scaering by sub-wavelength
structures such as cardiac bers. Speckle paerns do not simply represent random noise, but can
be used as a characteristic signature of the underlying tissue. As previously touched upon in
Chapter 2 (section 2.2), Tissue Doppler Imaging, based on the Doppler eect, analyzes the fre-
quency shi of returning echoes compared to the original frequency of the ultrasound beam in
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order to estimate myocardial velocities. However, on top of being sensitive and dependent on
the ultrasound beam angle, drawbacks associated with the use of such frequency domain meth-
ods include low signal-to-noise ratio, poor resolution and aliasing. On the other hand, motion
estimation performed with time-shied based techniques is generally achieved by tracking the
speckle over time from one frame to the other. is can either be accomplished in 1D on the RF
signals [146], or with a 1D window in a 2D search also on the RF signals [109], or even in 2D by
using block-matching algorithms on the B-mode images [218]. Speckle-tracking on RF signals
has been shown to achieve accuracies of up to ten times more than when performed on B-mode
images [207]. is is largely due to the presence of phase information within the RF signals that is
removed during the Hilbert transform to produce the B-mode data. Lastly, another possibility for
speckle-tracking on B-mode images using a block-matching scheme is to calculate the normalized
cross-correlation in the Fourier domain; approach oen called “phase correlation” [122].
In EWI, motion estimation is performed with speckle-tracking on the RF data using a 1-D
axial cross-correlation algorithm [125]. e tracking function applied here was the normalized
cross-correlation (NCC), sensitive to uctuations in both amplitude and phase, both of which are
preserved in RF signals. NCC computes the degree of similarity between two signals f(n) and g(n)









, (τ1 ≤ τ ≤ τ2)
where x is the location of the signal window of interest, W is the window size, and τ is the shi
between the two signals (with [τ1, τ2] being the search range). e two signals are obtained from
the same ultrasound line in consecutive frames in time and the 1D inter-frame displacement can
be estimated with the window sliding in the axial direction along a single line. e output of this
function, RNCC , is referred to as correlation coecient and describes the amount of similarity
between two signals on a normalized scale (from 0 to 1). e time-shi coinciding to the maxi-
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Figure 3.1: RF correlation-based displacement estimation at two separate locations within the
same line. e RF signals were manually drawn for the purpose of this schematic. e green and
blue rectangles represent the search range window size.
mum RNCC value in the search region is then converted to a distance, which corresponds to the
axial displacement between the two consecutive frames at this location. Figure 3.1 depicts this
process for two windowed locations within the same line. e parameters used in this disserta-
tion to derive incremental axial displacements are the following: window size of 10 wavelengths
(6.2 mm) and 90% overlap (window shi of 0.62 mm).
e axial incremental strains are then estimated using a least-squares estimator [101] with
a 1D kernel of 5 mm. e estimator applies gradient operators to the previously derived dis-
placements with a Savitzky-Golay digital lter to reduce noise amplication [126]. e estimated
strains are nally ltered with a moving average spatial lter. Lastly, we manually segment the
myocardium of interest on the rst systolic frame of the anatomic B-mode (Fig.3.2-b), selected
based of the ECG, and automatically track it in all subsequent frames through one entire heart cy-
cle using the previously estimated displacements [124]. e incremental axial displacement maps
and corresponding incremental axial strain maps are generated (Fig.3.2-c) and can thus easily be
displayed by overlaying the estimated motion and strains in the segmented myocardium contour
onto the anatomic B-mode image, respectively.
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Displacement and strain estimation
Motion estimation performed axially on the EWI radiofrequency data: 
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Electromechanical activation is dened as the time point at which a region of the heart transitions
from a relaxing to a contracting state [161]. Spatially, this electromechanical activation forms
a propagating wavefront, the electromechanical wave, which follows the electrical activation
sequence. is activation translates to sharp transitions in incremental strain that crosses zero.
In fact, during active contraction that follows isovolumic contraction, a change from thickening
(ε(x, y, t) > 0) to thinning (ε(x, y, t) < 0) in the axial or longitudinal direction of the myocardium
is detected (Fig.3.2-c). erefore, to generate the EWI activation time maps, the very rst in-
stances of contraction in the heart or local zero-crossing (ZC) time points on the incremental
axial strain curves need to be mapped.
e type of ZC depends on the orientation of the wall with respect to the axial direction
of estimation. In the apical views, the activation time locations (tact) correspond to positive-to-
negative downward ZCs (thinning or shortening) (Fig.3.2-d) because the myocardium walls are
Figure 3.3: Zero-crossing type depending on the view and ventricular wall alignment with the
ultrasound beam, adapted from [132]. (a) Apical four-chamber view in a healthy volunteer in
normal sinus rhythm; (b) Parasternal long-axis view in that same volunteer. e vertical black
dashed line corresponds to the onset of the QRS, while the horizontal red line represents zero
incremental axial strain (%).
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mostly aligned with the ultrasound beam during contraction (Fig.3.2-b and Fig.3.3-a), with the
exception of the atrial roof. In that case, because the wall is orthogonal to the beam’s direction,
the activation times correspond to negative-to-positive upward ZCs (thickening), similarly as in
PLAX view for most of the myocardial walls (Fig.3.3-b) [132].
In EWI processing, estimation of the electromechanical activation times for the isochrone
generation step begins by selecting an origin of activation (t=0ms) on the ECG. e rst deection
or onset of the QRS complex (Figures 3.2-c and 3.4-a, vertical black doed lines) and p-wave are
chosen manually on the ECG trace, for the ventricular and atrial isochrones respectively. ese
time-points are considered to be the time origin for the isochrones, aer which we should select
the rst occurrence of ZCs. Representative examples of incremental strain curves are shown in
Figure 3.4, with the corresponding ZC locations depending on the myocardial region and ECG
interval of interest, for a healthy volunteer in normal sinus rhythm (Fig.3.4-a) and for a typical
CTI uer (Fig.3.4-b).
For computational eciency of the isochrone generation, only a subset of points (approx-
imately 150) is randomly and automatically selected in MATLAB by down-sampling the total
number of pixels contained in the myocardium mask. e corresponding ZCs are then manually
selected on the incremental strain curves. Regions with noisy strain curves where the locations
of the ZC could not be determined without ambiguity were discarded and other points were se-
lected. Discarded points include strain curves with no apparent ZC, multiple successive ZCs of
low amplitude and “at” ZC, where the slope of the strain curve is equal to zero for more than 10
ms. Until now, most previous EWI studies from our group have used manual selection of the ZCs
on inter-frame axial strain signals to generate electromechanical activation maps, and this is also
how it will be performed in this dissertation in Chapters 4-6. However, methods to automatically
identify and select the correct ZCs have been developed and are discussed in Chapter 7. Finally,
a Delaunay triangulation–based cubic interpolation is applied to the 2D scaered activation time
ZC values in order to achieve a continuous isochrone paern throughout the entire myocardium
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Figure 3.4: Representative examples of incremental axial strain curves with the corresponding
zero-crossing (ZC) locations depending on the myocardial region and ECG interval of interest,
taken from [83]. (a) Apical 4-chamber view in a healthy volunteer in normal sinus rhythm with
both atria and ventricles segmented. S1 is a site located in the free wall of the RA, whereas S2
belongs to the RV free wall. e vertical black doed line corresponds to the onset of the QRS; (b)
Apical 4-chamber view in a typical CTI uer patient with only the atria segmented. S is a site
located in the free wall of the RA. e ROI (dashed black rectangle) corresponds to the sawtooth
p-wave morphology interval we selected for the EWI processing shown below. Single lead ECGs
obtained at the time of the EWI acquisition are shown in black, while the incremental axial strain
curves are displayed in blue. e horizontal red doed line represents zero incremental axial
strain (%).
mask grid [47].
Besides, ECG recordings are crucial for accurate temporal co-registration across the four EWI
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apical views. e same heartbeat morphology should always be chosen on the separate multi-2D
view ECGs upon origin selection, to maintain consistent starting times across all isochrones. e
four resulting multi-2D isochrones or activation maps display the activation time (in ms) from the
point of interest (onset of p-wave or QRS), with the earliest activation displayed in red and latest
displayed in blue (Fig.3.2-e). e complete multi-2D EWI pipeline with its consecutive processing
steps can be found in the owchart in Figure 3.2 (a-e). All processing was performed in MATLAB
and using the parallel processing toolbox.
3.3 Recent developments
3.3.1 3D-rendering algorithm: from multi-2D co-registered slices to 3D
interpolated EWI maps
In reported publications and previous doctoral dissertations from our group, the nal outputs of
EWI processing were multi-2D maps of manually co-registered apical 4, 3.5, 2 and 3-chamber view
isochrones. ese multi-2D maps were also sometimes referred to as pseudo-3D maps. Recent
developments have now made it possible to generate 3D-rendered maps for easier visualization
of the activation paern in three dimensions [141]. Towards that goal, aer obtaining the 2D
isochrones in the four apical standard views, the algorithm designed by Nauleau et al. automati-
cally detects the LV median axis or longitudinal apex to base rotation axis of the imaging probe
in each view (doed black lines on Fig.3.2-e). Relative positions of the four 2D imaging planes
are assumed to be organized as in the theoretical case with pre-set probe rotation angles: 60°
clockwise between the 4-ch and 2-ch, 30° clockwise between the 4-ch and 3.5-ch, and nally 60°
counter-clockwise between the 4-ch and 3-ch view (schematic on Fig.3.2-e). e four slices are
then automatically co-registered spatially around the LV median axis and a linear interpolation
of the activation times is performed around the circumference. Finally, we are able to generate
the 3D-rendered isochrones (Fig.3.2-f). e algorithm runs in MATLAB, outputs the 3D-rendered
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isochrones as 3D arrays, and the volumes are then imported into Amira 5.4.3 (ermo Fisher
Scientic, Waltham, MA, USA) for beer visualization and 3D manipulation.
Proof of concept of this 3D-rendering algorithm was shown in the LV of two open-chest
canines in NSR and pacing [141]. In this dissertation, we will use this 3D-rendering visualization
tool for the rst time in a closed-chest seing on patients in the clinic. Moreover, at the time of
presented study, the algorithm was limited to rendering the le side of the heart, and not applied
to the atria. Since then, we have improved the algorithm: the inclusion of the RV has been added,
as well as rendering of the upper cardiac chambers, as illustrated on several cases in Chapters
5 and 6. A representative example of 3D-rendered isochrones on a healthy volunteer in sinus
rhythm for the atria as well as the ventricles including both le and right chambers is shown in
gure 3.2-f.
3.3.2 Multi-2D sampling eect on the resolution of 3D-rendered EWI
isochrones
Optimized image acquisition and processing eciency is paramount for translation of 3D-rendered
EWI from animal studies to clinical cases. We investigated the eect of multi-2D sampling on the
spatial resolution of 3D-rendered EWI isochrones. In order to do so, we used a large animal
model. We performed two open-chest LV-paced canine resolution studies to determine the imag-
ing results of an arrhythmic focus located between two of the four standard apical slices.
e experimental protocol was in compliance with the Public Health Service Policy on Hu-
mane Care and Use of Laboratory Animals, and the LV-paced canine studies were conducted with
approval of the Institutional Animal Care and Use Commiee at Columbia University. e two
male mongrel dogs (age: 9- and 7-month-old, weight: 29.6 and 28 kg) were anesthetized with an
intravenous injection of propofol (4.4 mg/kg) and sustained under a mixture of inhaled oxygen
and isourane using a rate- and volume-regulated mechanical ventilator (1 to 5%). A lateral tho-
racotomy procedure was used to expose the heart; two ribs were removed, and the pericardium
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was incised for placement of the pacing electrodes. e bipolar electrodes were sutured exter-
nally onto the LV epicardial surface of the canine hearts and sent the following pacing signal:
1-V amplitude, 5-ms pulse width, and 500-ms cycle length.
Figure 3.5: Spatial resolution of standard 3D-rendered EWI in a 29.6 kg open-chest male canine
with ve dierent LV pacing locations, taken from [83]. (a) Top: picture of the canine’s LV with
sutures marking the pacing locations; boom: schematic of the distances between the pacing
electrodes as measured on the epicardium surface of the LV. (b) Top: table listing the 3D coor-
dinates of the earliest activated voxel in each of the ve 3D-rendered isochrones; boom: table
showing the distances between the LV pacing electrodes (d12, d23, etc.) as computed from the 3D-
rendered isochrone earliest activated voxels compared to the true measurements. (c) 3D-rendered
isochrones of the ventricles in anterior view for each of the ve LV pacing locations.
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For the rst experiment, the canine’s LV was paced at ve dierent locations (with spacing
increments between the electrodes ranging from ≈0.5 cm up to ≈2cm as seen on Fig.3.5-a), and
the usual four EWI apical views were acquired each time by the sonographer. For the second
dog, the LV was paced at a single location, but additional apical multi-2D views were acquired
(Figure 3.6-a). A six degrees of freedom spherical robotic arm (JACO 2, Kinova Inc., Boisbriand,
QC, Canada) was used in the laer to hold the imaging probe, position it at the canine heart’s LV
apex and accurately measure its rotation angle between the additional EWI planes: either 6 evenly
spaced slices by 30° angles or 12 evenly spaced slices by 15° angles (Fig.3.6-a). e pacing electrode
in this case was positioned between two of the four standard views (3- and 2-chamber), but lied
on one of the additional EWI views considered for both 6 and 12 multi-2D slices 3D-rendered
isochrones. ese 2 animals were used for dierent cardiac studies, but procedure durations for
this particular multi-2D EWI sampling study (excluding thoracotomy) spanned over 1.5 and 2.5
hours for dogs 1 and 2, respectively. Last, once all procedures were completed, the canines were
euthanized by a lethal intravenous injection of Euthasol (5 ml) while still under deep isourane
anesthesia (5%).
Figure 3.5 shows the results of standard 3D-rendered EWI (with four multi-2D slices) on a
29.6 kg open-chest male canine with ve dierent LV pacing locations. For all isochrones red
represents the earliest activated region and blue the latest. Meanwhile, Figure 3.6 displays the
results of 3D-rendered EWI with dierent numbers of multi-2D sampling slices on a 28 kg open-
chest male canine with a single LV pacing location.
By increasing the number of multi-2D slices sampling the heart’s circumference of interest,
the spatial resolution of the earliest activated region increased, and the distances computed from
the 3D-rendered isochrones between pacing electrodes were closer to the true values measured on
the surface of the heart (Fig.3.5-a, -b). Compared to four and six multi-2D slices, the 3D-rendered
isochrone generated with 12 multi-2D slices displayed early activation with the most distinct
focus (area in red) (Figures 3.5-c and 3.6-b). In the standard 3D-rendered isochrones generated
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Figure 3.6: Multi-2D sampling eect on the resolution of 3D-rendered EWI in a 28 kg open-
chest male canine with a single LV pacing location, taken from [83]. (a) Schematic of the multi-
2D sampling slice locations around the circumference of the canine’s ventricles. e thick black
lines represent the slice positions of the usual four acquired apical multi-2D views, whereas the
thin lines and the dashed lines represent the locations of the additional views for a total of 6
and 12 evenly spaced slices respectively. e pacing electrode represented by the black star falls
between two of the four standard views (3- and 2-chamber), but lies on one of the additional EWI
views considered for both 6 and 12 multi-2D slices 3D-rendered isochrones. (b) Top: 3D-rendered
isochrones of the ventricles in anterior view generated with (from le to right) the standard 4
apical views, 6 apical slices evenly spaced by 30 degree and 12 apical slices evenly spaced by 15
degree; boom: portion (within the dashed square) of the same 3D-rendered isochrones displayed
with a shorter colorbar scale (75 ms) to beer contrast the focal spot.
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with four multi-2D slices, EWI was still capable of localizing the pacing locations, albeit in a
less precise and wider region displayed in orange because of the eect of the interpolation on a
broader circumference. We decided to keep using four multi-2D slices in the clinical studies in
our next chapters because even though further increase in number of multi-2D slices acquired
would improve the spatial resolution for arrhythmia localization, it would likely prolong EWI
scan durations and delay clinical procedure times.
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Chapter 4
Evaluate the reproducibility and angle
independence of EWI for the
measurement of electromechanical
activation during sinus rhythm
4.1 Abstract
Electromechanical wave imaging (EWI) has been reported to be reproducible in simulations and
open-chest canine experiments, as well as repeatable within the same acquisition across con-
secutive cardiac cycles in closed-chest conscious dogs. Reproducibility in closed-chest humans
has yet to be investigated. e objective of this study was to determine the reproducibility and
angle independence of EWI for the assessment of electromechanical activation during normal
sinus rhythm (NSR) in healthy humans. Acquisitions were performed transthoracically on seven
healthy human hearts in parasternal long-axis, apical four- and two-chamber views. EWI data
was collected twice successively in each view in all subjects, while four successive acquisitions
were obtained in one case. Activation maps were generated and compared (i) within the same
acquisition across consecutive cardiac cycles; (ii) within the same view across successive acquisi-
43
4.2. INTRODUCTION
tions; and (iii) within equivalent le-ventricular regions across dierent views. EWI was capable
of characterizing electromechanical activation during NSR and of reliably obtaining similar pat-
terns of activation. For consecutive heart cycles, the average 2-D correlation coecient between
the two isochrones across the seven subjects was 0.9893, with a mean average activation time
uctuation in LV wall segments across acquisitions of 6.19%. A mean activation time variabil-
ity of 12% was obtained across dierent views with a measurement bias of only 3.2 ms. ese
ndings indicate that EWI can successfully map the electromechanical activation during NSR in
human hearts in transthoracic echocardiography in vivo and results in reproducible and angle-
independent activation maps.
4.2 Introduction
In Chapter 3, we introduced EWI and its associated methods. We also presented the most recent
developments of our technique: from multi-2D co-registered isochrone slices to 3D interpolated
EWI maps. Nevertheless, this 3D rendering tool has only been examined in open-chest canine
models so far. Before 3D-rendered EWI can be translated into the clinic in the next chapters, we
need to establish whether the basic assumption behind the algorithm still holds in healthy human
subjects. When the probe is placed at the heart’s apex and being rotated around the LV apex-to-
base longitudinal median axis in order to acquire four separate views, we have to ensure that once
the four multi-2D slices are combined into a single interpolated map, the resulting activation times
are being co-registered consistently. A slight tilt or misalignment of the imaging probe should
not drastically impact the electromechanical activation mapping results. Towards that goal, the
reproducibility and angle independence of 2D EWI for the measurement of electromechanical
activation will be investigated on healthy volunteers during normal sinus rhythm (NSR) in this
chapter.
In previous studies from our group, EWI was reported to be reproducible in simulations and
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open-chest canine experiments [162], as well as repeatable within the same acquisition across
consecutive cardiac cycles in closed-chest conscious dogs [47]. Provost et al. [162] showed good
agreement between experimental and simulated electromechanical activation isochrones dur-
ing three pacing schemes: RV apex, LV apex and pacing from the LV basal region of the lat-
eral wall. Correlation plots exhibited linear relationships in all cases for two dierent imaging
views (parasternal long-axis and apical four-chamber), with slopes ranging between 1.01 and
1.17 (0.85 < R2 < 0.97). e simulation model was capable of reproducing the realistic charac-
teristics observed in the canine experiments. Moreover, Costet et al. [47] showed that EWI was
reproducible not only within a single canine heart during both NSR and electronic RV apex pac-
ing, but also across dierent animal hearts in two dierent apical views (four- and two-chamber).
Dierence maps and histograms of the dierence in activation times between consecutive car-
diac cycles satisfyingly found more than 80 % of the pixels to have a dierence in activation time
below 20 ms for the four-chamber views or below 30 ms for the two-chamber views. However,
reproducibility in closed-chest humans has yet to be determined.
Furthermore, it is critical for clinical applications to reliably measure the activation sequence
independently of the imaging view. Initial results on premature ventricular contractions (PVCs)
and Wol–Parkinson–White (WPW) syndrome patients have been reported [51]. Accordingly, it
is essential that the arrhythmic focus or re-entry pathway locations identied with EWI remain
consistent, no maer the position and orientation of the ultrasound probe. Current techniques
for localizing the accessory pathways in patients with WPW in the clinic rely mostly on 12-lead
ECG interpretation, intracardiac electrophysiology and uoroscopy. Recently, non-invasive ap-
proaches without radiation exposure have emerged, such as TDI [65] and 3D-STE [92]. However,
pulsed wave Doppler estimation is known to be angle dependent. erefore, assessing the angle
independence of our technique is not only crucial for accurate diagnosis and treatment planning
of arrhythmias such as PVCs or focal tachycardia, but would also prove the advantage of EWI
over tissue Doppler-based techniques.
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is chapter describes the reproducibility and angle independence of EWI for the assessment
of electromechanical activation during NSR in healthy humans in vivo. To achieve this goal, ac-
tivation maps were generated and compared (i) within the same acquisition across consecutive
cardiac cycles; (ii) within the same standard echocardiographic view across successive acquisi-
tions; and nally, (iii) within equivalent LV regions across dierent imaging views.
4.3 Methods
Experimental protocol
e human subject study protocol was approved by the Institutional Review Board of Columbia
University, and informed consent was obtained before all procedures described herein. Seven
(N=7) healthy male volunteers (aged 23-33) were scanned by a trained cardiologist while lying
down on their le side in lateral decubitus position. Ultrasound imaging was performed dur-
ing NSR in three standard echocardiographic views: parasternal long-axis (PLAX), apical four-
and apical two-chamber with the standard EWI diverging sequence described previously. EWI
RF data were acquired for 2 seconds on six of the seven healthy volunteers twice successively,
while longer 6-s acquisitions were performed on the remaining volunteer four successive times
(Fig. 4.1). e consecutive scans were recorded less than a minute apart, and the probe was
repositioned on the subject between acquisitions.
Data acquisition and processing breakdown
EWI processing was performed as previously described and activation maps of the seven sub-
jects in NSR were generated for the three dierent echocardiographic views. Two successive
acquisitions were processed for each of the three views, and two consecutive cardiac cycles were
considered per acquisition for all seven healthy volunteers (84 maps = 7 subjects x 3 views x 2
acquisitions x 2 cycles). Eight of the 84 activation maps could not be generated because of a lack
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of data for the consecutive cardiac cycles (”N/A” values in Table 4.1), resulting in a total of 76
maps. is occurred when the 2-s ECG did not contain two full heart cycles, but rather the end
of one cycle, a full second cycle and the beginning of a third cycle.
Figure 4.1: Acquisition protocol diagram for the three standard echocardiographic views
(parasternal long-axis, apical four and two-chamber), taken from [132]. e cells in bold font
correspond to the common standard protocol for all seven healthy subjects (two successive ac-
quisitions with two consecutive heart cycles each), whereas the doed lines and regular font cells
represent the additional datasets obtained for the seventh subject (two additional acquisitions
with ve consecutive heart cycles, as well as 3 supplementary beats for the rst 2 acquisitions).
Subsequently, to address these shortcomings, longer 6-s sequences were acquired on one of
the seven volunteers four successive times in each view, in order to include at least ve full
consecutive heart cycles per acquisition. is allowed us to evaluate the reproducibility of our
activation maps on a larger amount of measurements with two additional acquisitions per view
and three additional consecutive heartbeats per acquisition (48 maps = [2 extra cycles x 3 views
x 2 acquisitions] + [5 cycles x 3 views x 2 extra acquisitions]). Figure 4.1 illustrates the protocol
breakdown for the dierent data sets acquired.
To quantify the repeatability and angle independence of EWI activation maps in human
hearts, three dierent approaches were used to compare the isochrones generated.
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(i) Comparison within the same acquisition across consecutive cardiac cycles
Because the mask resulting from the myocardium segmentation was the same for the two con-
secutive heart cycle maps in a given acquisition, we were able to compute the absolute activation
time dierence between the isochrones by comparing both maps pixel by pixel. Dierence maps
were generated, and the resulting activation time dierence histograms were ploed. Our group
had already applied this approach to illustrate EWI repeatability across consecutive cardiac cy-
cles during both NSR and paced dogs in [47]. Two-dimensional correlation coecients were also
computed between the consecutive heart cycle isochrones to quantify their similarity.
(ii) Comparison within the same view across consecutive acquisitions
When comparing isochrones between consecutive acquisitions, a pixelwise comparison is not
possible because of similar yet dierent segmentation. In fact, the isochrone masks varied slightly
between acquisitions as the consecutive acquisitions were not entirely identical. erefore, to
assess the reproducibility, isochrone activation time values were averaged in the septal, posterior,
lateral and anterior walls of the LV for each view and subsequently compared across the two
consecutive acquisitions. We manually segmented the regions of interest on the B-mode: septal
and posterior walls were selected for the parasternal long-axis (Fig.4.2-a, top row), septal and
lateral walls were considered for the four-chamber (Fig.4.2-b, top row) and, nally, posterior and
anterior walls were examined for the two-chamber view (Fig.4.2-c, top row). We then subdivided
each LV wall into up to three segments: apical, mid- and basal (Fig.4.2, boom row).
(iii) Comparison within equivalent LV wall segments across dierent imaging views
When dierent views were compared, an approach similar to that for comparison between con-
secutive acquisitions was used. us, to quantify the angle independence of EWI, we com-
pared the LV activation time averages in the mid- and basal posterior wall segments between
the parasternal and apical two-chamber views and in the basal septal wall segment between the
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Figure 4.2: Wall segments on the standard EWI echocardiographic imaging views, taken from
[132]: (a) PLAX; (b) Apical 4-chamber; and (c) Apical 2-chamber. Top row: the le ventricle walls
(excluding the apex) were segmented manually, and the colored regions of interest are overlaid
on the gray-scale B-mode. Boom row: schematic of each view with the subdivision of the LV
walls into segments.
4.4 Results
Reproducibility within same acquisition
Figure 4.3 illustrates the EWI isochrone maps for one of the seven volunteers (subject 1) within
the same acquisition across two consecutive heart cycles. e top row corresponds to the PLAX
view, and the boom two rows, the apical 4- and 2-chamber views, respectively. alitatively,
the activation paerns on the isochrones were deemed very similar for the three standard views
(Fig.4.3-a, d, g). In fact, the dierence maps appearing mainly in dark blue (Fig.4.3-b, e, h) exhibit
very few disparities (< 10 ms) between the isochrones, except in some localized regions displayed
in orange/red, which present more important dierences in activation time (> 40 ms). ese re-
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Figure 4.3: Reproducibility within the same acquisition across two consecutive heart cycles for
volunteer 1, taken from [132]. (a) PLAX isochrones for two consecutive cardiac cycles. (b) Dif-
ference map and (c) histogram of the absolute activation time dierence between the two PLAX
isochrones. (d) Apical 4-chamber isochrones for two consecutive cardiac cycles. (e) Dierence
map and (f) histogram of the absolute activation time dierence between the two 4-chamber
isochrones. (g) Apical 2-chamber isochrones for two consecutive cardiac cycles. (h) Dierence
map and (i) histogram of the absolute activation time dierence between the two 2-chamber
isochrones.
and apex on the lateral wall of the four-chamber view. More quantitatively, as illustrated by the
histograms, 80% of the myocardium exhibits activation time dierences between two consecutive
isochrones of < 5 ms in PLAX view, which corresponds to 3% of the maximum activation time
(Fig.4.3-c), compared with 90% in the 2-chamber view (Fig.4.3-i). In the apical 4-chamber view,
50% of the activation time dierences fall under 5 ms and 80% are under 10 ms (Fig.4.3-f).
Table 4.1 summarizes the repeatability results across two consecutive cardiac cycles obtained
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Subject PLAX 1 PLAX 2 4-chamber 1 4-chamber 2 2-chamber 1 2-chamber 2
1 0.9982 N/A * 0.9945 N/A 0.9990 N/A
2 N/A 0.9932 0.9916 0.9923 0.9878 0.9886
3 0.9933 0.9918 0.9813 0.9896 0.9871 0.9971
4 0.9952 0.9985 0.9811 0.9989 0.9922 0.9753
5 N/A N/A N/A 0.9906 0.9974 N/A
6 0.9851 0.9681 0.9861 0.9840 0.9742 0.9795
7 0.9876 0.9854 0.9908 0.9960 0.9963 0.9877
Table 4.1: 2-D correlation coecients between the activation maps of the two consecutive heart
cycles (N=7). * N/A refers to the eight cases for which the data from the second cardiac cycle
were not available for the point-by-point absolute time dierence comparison. is occurs when
the 2-s electromechanical wave imaging acquisition does not contain two full heart cycles, but
rather the end of one cycle, a full second cycle and the beginning of a third one.
in all seven subjects for the three standard views. e values listed correspond to the 2-D cor-
relation coecients between the two consecutive activation maps. Less optimal repeatability
performance was observed for subject 6 in the parasternal long-axis view, with the lowest corre-
lation coecient at 0.9681. On the other hand, our best reproducibility case corresponds to the
apical two chamber view for subject 1, with a high correlation value of 0.999. Finally, the average
2-D correlation coecient between the two consecutive cycle isochrones across all volunteers
was 0.9893.
More specically, Figure 4.4 depicts a heat map of the 2-D correlation coecients for the four
successive acquisitions in each view for subject 7. Because the acquisitions were 6 s long in that
case, we were able to generate the activation maps of ve consecutive heart cycles, resulting in
a total of 10 comparisons per acquisition (cycle i vs. cycle j where i 6= j and both ∈ [1 : 5]).
Each cell corresponds to a color-coded correlation coecient from 1 in dark green for perfect
similarity to 0.95 in dark red. Overall, the large majority of cells displayed on the gure are
green: only 13 of the 120 comparisons lay below 0.975 (yellow to red on color bar). e lowest
correlation coecient was 0.9548 in acquisition 1 of the PLAX view when comparing cycle 1 to
cycle 4, whereas the highest was 0.9977 in the third acquisition of the apical 4-chamber view
when comparing cycles 2 and 3.
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Figure 4.4: Heat map of the 2-D correlation coecients between consecutive cardiac cycle activa-
tion maps for subject 7 in three dierent views with four successive acquisitions each, taken from
[132]. Five consecutive heart cycles were studied (Ci vs. Cj where i 6= j and both ∈ [1 : 5]). e
12 squares each represent one acquisition. Each small cell within the 5 x 5 squares corresponds
to a colorcoded correlation coecient (highest similarity in dark green and lowest in dark red).
Reproducibility within same view
e reproducibility of EWI within the same view across successive acquisitions is depicted in
Figure 4.5 for the same healthy subject as in Figure 4.3 (volunteer 1). Isochrone comparison
yielded very similar results in terms of the EW propagation paern (Fig.4.5-a, -b, -d, -e, -g and -h).
Regardless of the view, the earliest and latest activated regions remain at the same regions from
one acquisition to the other. In addition, the boxplots illustrate the activation time distribution
in the le ventricle walls through two successive acquisitions for each standard view: posterior
and septal walls in PLAX (Fig.4.5-c), lateral and septal walls in apical 4-chamber (Fig.4.5-f), and
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posterior and anterior walls in apical 2-chamber view (Fig.4.5-i). e boxplot colors are consistent
with the regions of interests selected in Figure 4.2: the cyan boxes correspond to the posterior
wall, the red boxes to the septal wall, the green boxes to the lateral wall and the orange boxes
to the anterior wall. Lastly, the black dots represent the means of the distributions, and the
horizontal colored lines in the boxes are the medians. e two vertical doed segments extending
from the top and boom of the boxes are the whiskers. e laer are displayed to indicate the
variability outside the upper and lower quartiles of the data sets. It should be noted that for all
boxplots in this gure, the whisker extremities were dened as the highest/lowest values included
within three times the interquartile range (IQR) of the box edges, contrary to the usual standard
1.5 x IQR value.
alitatively, the spread of activation times in each wall was found to be comparable between
acquisitions for all cases; the interquartile ranges represented by the box spans are overall identi-
cal (Fig.4.5-c, -f and -i). More specically, we focused on the means of the distribution in each LV
wall segment as our nal comparison metric (Table 4.2). Nevertheless, for the sake of visibility
on the boxplots, entire walls were considered (Fig.4.2, top row) before subdivision into smaller
segments. Average activation times in the PLAX view (Fig.4.5-c) varied by 0.44% in the septal wall
(93.6–94.3 ms) to 0.14%, in the posterior wall (108–108.2 ms). In the apical 2-chamber view (Fig.4.5-
i), the anterior wall average activation times diered from each other by 2.02% (100.2–103.7 ms),
and the posterior wall average activation times varied by 1.5% (99.7– 102.3 ms). Finally, in the
4-chamber view (Fig.4.5-f), the highest average activation time uctuation of 4.27% is noted in the
lateral wall (79.2–86.6 ms), with the smallest variation of 0.02% for the septal wall (89.43–89.47
ms).
A summary of the reproducibility results obtained for all seven volunteers across successive
acquisitions in the same imaging views can be found in Table 4.2. e variation in average acti-
vation times within the smaller LV wall segments (Fig.4.2, boom row) across the two successive
acquisitions are listed as percentages (POST = posterior, SEPT = septum, LAT = lateral, ANT =
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anterior). e laer are calculated as the percentage deviation with respect to the latest activation
time displayed in the two successive acquisitions, in milliseconds. Variation values ranged from
0.02% in the basal anterior wall segment in the apical 2-chamber view for subject 5 to 25.31% in
the basal posterior wall segment in the apical 2-chamber view for subject 2. Although 8 of the
105 values exceeded 15%, the average variation value satisfyingly lied at 6.19%.
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Figure 4.5: Reproducibility within the same view across successive acquisitions for subject 1,
taken from [132]. (a) PLAX isochrone for the 1st acquisition. (b) PLAX isochrone for the 2nd
acquisition. (d) Apical 4-ch isochrone for the 1st acquisition. (e) Apical 4-ch isochrone for the
2nd acquisition. (g) Apical 2-ch isochrone for the 1st acquisition. (h) Apical 2-ch isochrone for
the 2nd acquisition. e boxplots display the activation time distribution in the LV walls through




Subject Basal POST Mid-POST Basal SEPT
1 2.20% 3.30% 0.44%
2 2.91% 1.69% 1.15%
3 2.12% 7.23% 2.53%
4 12.07% 7.39% 4.22%
5 11.53% 1.57% 5.01%
6 1.48% 0.99% 1.37%
7 6.07% 6.56% 9.28%
Four-chamber apical view
Subject Basal LAT Mid-LAT Apical LAT Basal SEPT Mid-SEPT Apical SEPT
1 4.58% 10.49% 3.95% 1.06% 2.19% 3.51%
2 4.47% 18.74% 2.76% 17.97% 14.67% 5.76%
3 19.68% 6.35% 5.85% 9.42% 3.34% 13.90%
4 1.98% 3.77% 0.05% 7.94% 2.66% 1.51%
5 4.34% 3.12% 3.88% 1.04% 4.87% 4.71%
6 2.84% 5.71% 2.41% 2.42% 1.02% 10.69%
7 12.89% 10.40% 7.67% 23.24% 1.94% 2.63%
Two-chamber apical view
Subject Basal POST Mid-POST Apical POST Basal ANT Mid-ANT Apical ANT
1 3.11% 1.92% 0.10% 2.81% 2.09% 5.92%
2 25.31% 10.10% 5.87% 1.78% 14.20% 0.51%
3 15.16% 19.72% 6.14% 7.01% 2.84% 1.17%
4 7.62% 8.66% 0.44% 12.34% 6.51% 8.35%
5 1.04% 1.18% 1.75% 0.02% 0.36% 0.77%
6 8.99% 10.46% 8.57% 2.96% 10.83% 21.52%
7 13.47% 6.54% 4.29% 6.15% 13.54% 3.95%
Table 4.2: Variation in average activation times within LV wall segments across two successive
acquisitions in the three imaging views. e comparison was always performed between the rst
cardiac cycles processed for each acquisition.
Angle independence
e Bland-Altman plot in Figure 4.6 illustrates EWI reproducibility during NSR for all seven vol-
unteers within equivalent LV wall segments across dierent imaging views. e two successive
acquisitions were averaged for each of the three standard echocardiographic views, and each
subject is represented by three points. e rst point corresponds to the comparison of activa-
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tion time measurements in the basal septal wall between the parasternal long-axis and apical
four-chamber views, whereas the second and third points represent the comparison of the basal
and mid-posterior wall, respectively, between the parasternal long-axis and apical two-chamber
views. e x-axis displays the mean LV wall segment activation time averages for both methods,
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Figure 4.6: Bland–Altman plot of LV wall activation time averages for the seven healthy subjects,
taken from [132]. e seven dierent colors correspond to the seven dierent subjects. CV =
coecient of variation (standard deviation of the mean values in %).
All measurements were within the limits of agreement or 95% condence interval dened
by the mean ± 1.96 times the standard deviation, and the bias found was 3.2 ms. e laer was
computed from the Bland-Altman plot as the mean activation time average dierence between the
two views among the seven healthy volunteers. e standard deviation of the mean values (i.e.
coecient of variation) was 12%. ese results indicate that EWI and its subsequent generation
of LV wall activation time averages can be used reliably to characterize the activation sequence




In this study, we used EWI to transthoracically image healthy human hearts in normal sinus
rhythm to investigate the reproducibility and angle independence of our method for the assess-
ment of electromechanical activation in normal human subjects in vivo.
In Figure 4.3, we established EWI repeatability within a single heart for a given acquisition
across consecutive cardiac cycles during NSR for the three dierent echocardiographic standard
views by performing a point-by-point comparison of the isochrone maps. ese ndings are sat-
isfying, as there are consistent with previous canine studies showing that 75% of the dierences
in activation time between the 4- and 2-chamber view isochrones from consecutive cardiac cycles
were below 20 ms [47]. According to the human volunteers dierence maps and histograms, at
least 80% of the pixels have a dierence in activation time < 10 ms, no maer the imaging view
(Fig.4.3-c, -f, -i). Moreover, the larger discrepancies displayed in orange/red on the 4-chamber
view dierence map are very sparse (Fig.4.3-e). ese regions are restricted to “high activation
time gradient” locations on the lateral wall in the consecutive isochrones. In fact, the few dier-
ence areas appear close to discontinuities and not in the center of a homogeneous paern such as
the lateral mid-wall (Fig.4.3-d). e high gradient term refers to the sudden jumps in activation
times on the isochrones, for instance, near the apex mid-basally and close to the le atria junc-
tion. Because the electromechanical activation is a wave, it is assumed to propagate continuously.
us, we would expect smooth transitions in the activation time gradient on the maps.
Discontinuities in the paern of activation may be explained by the fact that, albeit standard,
only 2-D slices were acquired while the EW is a 3-D propagation phenomenon. us, disruption
in the gradient might result from out-of-plane motion. In addition, this could also occur because
when generating the isochrones, the pixels considered in the myocardium mask are randomly
chosen and not all taken into account before interpolation, as explained in details previously in
Chapter 3. us, a higher point density in the late activated region compared with fewer points in
the surrounding early activated region could aect the interpolation step and result in disparities
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in the isochrone paerns. is issue could potentially be overcome by automating the isochrone
processing pipeline and examining every single pixel contained in the mask, without requiring a
time-consuming manual zero-crossing selection (Chapter 7).
In Table 4.1, we further investigated EWI reproducibility across consecutive cardiac cycles
for the seven healthy volunteers using the 2-D correlation coecient as our similarity metric.
More than three-quarters of the correlation coecients listed in the table were satisfyingly above
0.985. Furthermore, the heat map of the 2-D correlation coecients for subject 7 (Fig.4.4) revealed
that even when we increased the number of comparisons to ve consecutive heart beats and
four successive acquisitions, we were still able to obtain reproducible results with an average
correlation of 0.9844. In addition, we observed that all the coecients < 0.970 appeared only
in the comparisons resulting from the parasternal long-axis view acquisitions. is may be due
to the higher uncertainty in the zero-crossing selection, as the orientation of the LV walls with
respect to the ultrasound beam direction is not always the same in this view. is alignment
variation is further explained below in the study limitations.
In Figure 4.5, we also assessed EWI activation timing reproducibility between separate ac-
quisitions of the same view during NSR for subject 1. e general EW propagation paern dis-
played on the activation maps was unchanged from one acquisition to the next. In the apical
four-chamber view, the highest activation time average uctuation was obtained in the lateral
wall, reaching 4.27%, with a small variation of 0.02% for the septal wall. Global average activa-
tion times in parasternal long-axis and two-chamber view walls varied only by 0.29% and 1.76%,
respectively. As for the activation time average variation in the smaller LV wall segments (Table
4.2), the mean across all seven subjects was 6.19%, with more than three-quarters of the average
values lying below a 10% disparity between successive acquisitions.
Finally, we found that we were able to achieve similar activation times across dierent views
in the same cardiac regions of the isochrones. As seen on the Bland–Altman plot in Figure 4.6, LV
wall segment activation time averages were fairly consistent within the same subject across the
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dierent standard echocardiographic imaging views. Indeed, all the measurement points were
within the limits of agreement. e largest activation time average dierence across views was
observed for subject 3 with a value of 26.8 ms. is is still low compared to known characteris-
tic variations within a single conduction disorder patient. In fact, typical values for transseptal
conduction times are in general larger than 40 ms in patients with le bundle branch block [159].
ere are several limitations to this study. A rst limitation arises from the orientation of the
LV walls with respect to the ultrasound beam direction. In fact, EWI relies on a 1-D RF cross-
correlation, and the strains are estimated axially. For the apical four- and two-chamber views, se-
lection of the correct zero crossings is quite straightforward. Because the walls are axially aligned
with the ultrasound beam on the B-mode (Fig.4.2-b, -c), the rst positive to negative zero crossing
aer the onset of the QRS complex was selected. However, for the parasternal long-axis view,
these may not constitute the optimal criteria. e LV walls are not always parallel to the boom
and top borders of the B-mode image (Fig.4.2-a); they are slightly angled, neither completely per-
pendicular to the ultrasound beam nor axially aligned. us, negative and positive slopes were
considered. Identifying the most suitable orientation transition is challenging. is limitation
could be mitigated by implementing an automated technique of discriminating between the two
types of zero crossings. Systematically computing the angle between the orientation of the wall
and the direction of the ultrasound beam could be a good alternative in determining whether we
should expect thickening or thinning of the wall for a given point. Such computer vision tech-
niques already exist for automated and robust Doppler angle estimation between the insonifying
ultrasound beam and the vessel walls [150], [174]. e laer rely on least-squares line-ing
algorithms of the segmented vessel and could be adapted to the assessment of the myocardium
wall orientation by ing a higher order polynomial or spline.
Another main limitation lies in the fact that it is challenging to quantitatively compare the
electromechanical activation paerns across dierent acquisitions and imaging views without
averaging the activation times, as the segmentation was not precisely the same and the walls
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cannot be registered perfectly. For a more accurate comparison and beer quantication of the
reproducibility, we should consider acquiring ultrasound data with a 2-D matrix array. ree-
dimensional echocardiography in a single cardiac cycle would require additional hardware and
processing methods, but has been found to be feasible using plane waves [152] or diverging
waves for a wider eld of view. Our group previously reported the initial feasibility of 3-D strain
imaging in open-chest canine hearts at very high volume rates [153]. Further optimization has
also been conducted since then to perform true 3-D electromechanical wave imaging. Grondin
et al. recently presented noninvasive 4D mapping of the cardiac electromechanical activity (i) in
a normal and infarcted cardiac model in silico; (ii) in open-chest canine hearts during pacing and
re-entrant ventricular tachycardia in vivo, as well as (iii) transthoracically in a healthy volunteer
and one heart failure patient [82].
4.6 Conclusion
In this chapter, EWI was illustrated to be capable of characterizing electromechanical activation
during normal sinus rhythm in healthy volunteers and of reliably obtaining similar paerns of
activation and time averages in the LV wall segments between dierent echocardiographic acqui-
sitions and views. ese results conrm previous ndings by our group that EWI was repeatable
within the same acquisitions across consecutive cardiac cycles in canines [47], and demonstrate
the angle independence of EWI for the assessment of electromechanical activation in vivo as
previously established in silico [162]. ose results also imply that despite the loss in resolution
in transthoracic human echocardiography caused by the additional layers the ultrasound waves
have to go through, the reproducibility of our technique is conrmed.
For consecutive heart cycles, the average 2-D correlation coecient between the two isochrones
across the seven subjects was 0.9893, and a mean average activation time uctuation in LV wall
segments of 6.19% was found across acquisitions. Across dierent views, a mean activation time
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variability of 12% was obtained with a measurement bias of only 3.2 ms. Finally, the study ndings
hereby indicate that EWI can map the electromechanical activation during NSR in human hearts
in transthoracic echocardiography in vivo and results in reproducible and angle-independent ac-
tivation maps (i) across consecutive heart cycles; (ii) across separate acquisitions; and (iii) across
dierent views.
We can now safely proceed to investigating 3D-rendered EWI in patient studies in the next
chapters, knowing that the electromechanical activation paerns from separate multi-2D slices
are reproducible and angle independent in healthy human subjects.
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Chapter 5
Investigate EWI’s accuracy in localizing
arrhythmias prior to catheter ablation,
validated by electroanatomical mapping
Our group has established, as indicated in Chapter 3, that EWI is not only capable of properly
identifying the activation origin of focal rhythms in all four cardiac chambers [47], [49], [81],
but also more recently of distinguishing epicardial from endocardial origins in a focal LV paced
canine heart in vivo [51]. ese ndings result from an open-chest animal model and still require
further investigation in a closed-chest seing.
Besides, in the previous chapter we showed that EWI is reproducible and angle-independent
for closed-chest activation measurements in healthy volunteers. us, it seems natural to shi
our interest towards more clinical applications with the study of abnormal rhythms.
In this chapter, we seek to demonstrate that EWI can also be successfully used in the clinic, as
supported by intracardiac electroanatomical mapping validation. We will start by investigating
EWI’s accuracy in localizing arrhythmia prior to catheter ablation on a specic patient population
with Wol-Parkinson-White syndrome. e rst study (section 5.1) includes only minors with
accessory pathways, and the patients are otherwise healthy. is allows for a natural progression
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from the healthy volunteers cohort (Chapter 4) towards proving initial feasibility in the clinic.
e two following studies will then focus on a more clinically diverse and heterogeneous adult
patient population with signicant co-morbidities; rst in ventricular arrhythmias (section 5.2)
and nally in atrial arrhythmias (section 5.3).
5.1 LocalizeAPs in pediatric patientswithWol-Parkinson-
White syndrome and assess the activation pattern dif-
ference aer successful ablation
5.1.1 Abstract
Prediction of accessory pathways (AP) locations in patients with Wol-Parkinson-White syn-
drome is currently based on analysis of 12-lead electrocardiography (ECG). In the pediatric pop-
ulation, specic algorithms have been developed to aid in localization, but these can be unreliable.
is study sought to demonstrate the feasibility of Electromechanical Wave Imaging (EWI) for lo-
calization of AP prior to catheter ablation in a pediatric population. Fieen pediatric patients with
ventricular pre-excitation presenting for catheter ablation were imaged with EWI immediately
prior to the start of the procedure. One patient was excluded for poor echocardiographic windows
and the inability to image the entire ventricular myocardium. Two clinical pediatric electrophys-
iologists predicted the location of the AP based on ECG. Both EWI and ECG predictions were
blinded to the results of catheter ablation. EWI and ECG localizations were subsequently com-
pared with the site of successful ablation. EWI correctly predicted the location of the AP in all 14
patients, including the presence a rare fasciculoventricular pathway. Meanwhile, ECG analysis
correctly predicted 11 of 14 (78.6%) of the AP locations. us, EWI predicted the site of successful
ablation more frequently than analysis of 12-lead ECG. EWI isochrones also provided anatomical
visualization of ventricular pre-excitation. ese ndings suggest that EWI can consistently pre-
dict AP locations, and may have the potential to beer inform clinical electrophysiologists prior
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to catheter ablation procedures.
5.1.2 Introduction
Accessory pathways in Wol-Parkinson-White syndrome are commonly treated with catheter
ablation [94], [154], [179]. Localization of the AP prior to catheter ablation is important for pre-
procedure planning. e current standard for locating the AP is the clinician’s interpretation
of 12-lead ECG. However, as previously mentioned, this method is limited and localization may
dier among clinicians. Many algorithms have been proposed with varying degrees of success.
Specic algorithms (e.g., Boersma or Arruda) have been developed in the pediatric population,
but there is still signicant room for improvement [135], [93], [12], [26], [68]. Moreover, the
reported algorithms have been less accurate than those used in adult patients, and frequently
their accuracy in clinical practice is lower than in the originating author’s hands [15], [14], [213].
Noninvasive, more precise, and less time consuming localization of AP could be of clinical
benet to operating electrophysiologists. Previously, there have been multiple noninvasive meth-
ods proposed for localization of AP, such as from Botvinick et al. [29]. State of the art electrical
mapping approaches such as ECG imaging have also emerged in specialized clinical seings [75].
More recently and as mentioned earlier in Chapter 4, echocardiography strain based methods
have been explored as potential tools for the noninvasive identication of AP [65], [92].
In this section (5.1), we aim to show that EWI is capable of correctly identifying the AP re-
sponsible for WPW syndrome in minors prior to ablation. Towards that goal, EWI was used
transthoracically for the rst time in a pediatric population before and aer the ablation pro-
cedure. In this double-blinded study, we seek to demonstrate that the predicted locations will
not only correlate with the true AP location found with intracardiac mapping, but that EWI will
also be capable of assessing the dierences in electromechanical activation paern from before
to aer successful ablation.
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5.1.3 Methods
Patient Population and Study Design
Fieen (N=15) patients presenting to the Columbia University Medical Center pediatric cardiac
electrophysiology laboratory for WPW ablation were approached for recruitment in this study.
e Columbia University Institutional Review Board approved all methods and procedures prior
to the onset of the study. All patients recruited were known to have evident ventricular pre-
excitation on their resting ECG, and previously acquired transthoracic echocardiography demon-
strated normal cardiac anatomy and function. All 15 minors underwent EWI in the four usual
standard apical views, as previously described in the EWI Methods background section. ey
were scanned by a trained sonographer in the pre-operative area immediately prior to the catheter
ablation procedure. A 90 degree and 14-cm deep eld of view was used to image the ventricles.
However, for adolescents older than 16 years old, it was necessary to perform the scans with a
larger 20-cm depth, standardly used in adults, in order to cover the entire region of interest. One
female adolescent with dense breast tissue was excluded from the rest of the analysis for the in-
ability to image the entire ventricular myocardium due to a poor acoustic window. e resulting
fourteen patient cohort (aged: 7-17) was equally distributed between male and female patients.
Aer the start of the study, the protocol was amended to include an additional EWI scan imme-
diately aer the catheter ablation procedure. We were therefore able to image six patients out of
the fourteen a second time aer their successful ablation in the post-operative area.
AP Prediction Protocol
EWI processing was performed as previously described (Chapter 3) and isochrones were gener-
ated in the 4 apical views for all patients. Aer generation of the 3D-rendered isochrones, an AP
location was assigned based on a standardized 19-segment template of the ventricles (Fig.5.1-a).
is template was generated prior to patient enrollment and was specically designed for this
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study based on similar templates in the published reports, with the addition of right ventricular
segments [145]. e basal cross-section segmentation is similar to standard ECG algorithms with
10 segments at the level of the atrioventricular rings in this study, compared with 8 segments in
the Boersma et al. [26] algorithm and 10 in the Arruda et al. [12] algorithm. e 10 segments
around the atrioventricular rings include: (1) le anterior, (2) anteroseptal, (3) posteroseptal, (4)
le posterior, (5) le posterolateral, (6) le lateral, (7) le anterolateral, (8) right anterior, (9) right
Figure 5.1: Prediction and validation pipeline on the example of a le posterolateral pathway,
adapted from [134]. (a) A 19-segment template of the ventricles is used to predict the pathway
location based on EWI results. On the right-hand side, the 2 corresponding cross-sectional slices
(looking towards the atrial roof) of the 3D-rendered isochrone are displayed, with the earliest
activated region visible posterolaterally at the valve level. (b) e Boersma et al. [26] or Arruda
et al. [12] algorithm is performed on the 12-lead ECG to determine the AP location. (c) Both EWI
and ECG location predictions are validated against the intracardiac map and site of successful
ablation. TV = tricuspid valve; MV = mitral valve; RAO = right anterior oblique; LAO = le
anterior oblique.
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lateral, and (10) right posterior (Fig.5.1-a).
In parallel, two pediatric electrophysiologists blinded to EWI results, predicted the location
of the AP based on the previously recorded ECG using their clinical experience and both the
Boersma et al. [26] and Arruda et al. [12] algorithms (Fig.5.1-b).
Both EWI and the clinical electrophysiologists reading the ECG were blinded to pre-procedure
planning and electrophysiology study and ablation outcomes. e predicted AP locations based
on the isochrones and on ECG were then compared to the site of successful ablation or the earliest
site of activation on the intracardiac electroanatomical map (EnSite; Abbo Medical, St. Paul,
MN, USA) if no ablation was aempted (Fig.5.1-c). When computing the localization accuracy,
predictions for both EWI and clinician interpretation of ECG were considered correct if they were
in the same segment, or in an immediately adjacent segment, to the actual location of the AP.
Statistical Analysis
Data were reported as a frequency (percentage), median (interquartile range [IQR]), or mean ±
standard deviation as appropriate. Comparisons of EWI and ECG predictions to electrophysiol-
ogy study and ablation results are shown on correlation maps. Heat maps of the correlation tables
were generated using GraphPad Prism version 7.03 for Windows, (GraphPad Soware, San Diego,
CA, USA). EWI and ECG localization performances were also quantied with general accuracy
and segment-specic positive predictive value and sensitivity analysis.
5.1.4 Results
Accessory Pathways
Intracardiac mapping and catheter ablation demonstrated a single AP in all 14 patients. Specic
locations based on our template (as seen in Fig.5.1-a) included 3 le lateral, 2 le posterolateral,
5 posteroseptal, 1 anteroseptal, 1 right posterolateral, 1 right anterior, and 1 fasciculoventricular
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pathway with the earliest ventricular activation in the mid-septal right ventricle. Fasciculoven-
tricular tracts are considered to be a rare condition accounting for only 1.2% to 5.1% of ventricular
pre-excitation and do not require catheter ablation [187], [170]. ey correspond to a pathway
branching out from the His Bundle, between the AV node and the LBB/RBB bifurcation. We were
very lucky to be able to image one with EWI, despite being blinded to its nature at the time. e
identied fasciculoventricular pathway was not ablated. Of the 13 patients for whom ablation
was aempted, all 13 AP (100%) were successfully ablated. e patient with the anteroseptal
pathway was initially not ablated secondary to mechanical disruption of the pathway preventing
accurate intracardiac mapping. He subsequently returned to the laboratory seven months later
Patient AP location Catheter ablation Post-ablation EWI scan
1 Le lateral Radiofrequency No
2 Fasciculoventricular None No
3 Posteroseptal Radiofrequency No
4 Posteroseptal Radiofrequency No
5 Posteroseptal Radiofrequency No
6 Le posterolateral Radiofrequency No
7 Le posterolateral Radiofrequency No
8 Posteroseptal Radiofrequency No
9 Le lateral Radiofrequency Yes
10 Le lateral Radiofrequency Yes
11 Anteroseptal Cryoablation Yes
12 Right lateral Radiofrequency Yes
13 Right anterior Radiofrequency Yes
14 Posteroseptal Radiofrequency Yes
Table 5.1: Pathway and ablation characteristics (N=14)
and was successfully ablated on the second aempt. Ablation was performed with radiofrequency
current in twelve patients and with cryoablation technique in one patient. Pathway characteris-
tics and ablation type are listed for all patients in Table 5.1. Transseptal puncture was performed
on 6 patients. Median uoroscopy time was 0.3 (IQR: 0.1 to 3.5) min and dose of radiation was
13.2 (IQR: 7.0 to 70.0) µGym2 and 1 patient underwent ablation without uoroscopy.
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EWI and ECG Predictions
EWI predicted 14/14 AP locations by correctly localizing the areas of earliest ventricular activa-
tion using the segments shown in Fig.5.1-a. On the other hand, ECG analysis correctly predicted
11/14 AP locations using both the Boersma et al. and Arruda et al. algorithms, respectively. It
should be noted that most algorithmic ECG analyses, including these, do not include segments
distal to the atrioventricular rings and therefore are not applicable for prediction of the fasci-
culoventricular pathway.
A representative example of EWI isochrones is displayed in Fig.5.2 for the case of a le lateral
AP before and aer ablation in a 7-year-old female. For all isochrones, red indicates earliest
activation and blue latest. e earliest area of activation on the before ablation isochrones (Fig.5.2-
i) can be seen in the lateral LV wall, which agrees with the location of the pathway, as validated
by the intracardiac map (Fig.5.2-i(c)). In fact, the red dot on the LAO view represents the site
of successful ablation at the tip of the coronary sinus catheter in the le lateral wall. Besides,
not only do we see a change in our single lead ECG morphology aer ablation as the delta-wave
has disappeared from the beginning of the QRS complex, but this is also clearly illustrated by
the change in activation paern in the isochrones from Fig.5.2-i to Fig.5.2-ii. e aer successful
ablation isochrones display the earliest activation in the basal septum, which corresponds to a
normal sinus activation paern. is to be expected as the AV node is back to being the only gate
between atria and ventricles; the AP pre-excitation has now disappeared.
Another example of isochrones is shown in Fig.5.3 for the fasciculoventricular pathway case
before ablation in a 17-year-old female. Contrary to the previous example (Fig.5.2-i), a denitive
area of earliest activation cannot be identied at the atrioventricular junction on the 3D-rendered
isochrone (Fig.5.3-a). Earliest activation however is seen in the mid-septal RV (Fig.5.3-b). e
small gap seen in the LV apex results from a small sector of myocardium that was unable to be
imaged in the 2D 3-chamber view and therefore could not be used during the 3D interpolation.
Finally for the sake of comprehensiveness, EWI isochrones for two other types of AP are included
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Figure 5.2: EWI isochrones of a 7-year-old female with a le lateral pathway before (i) and
aer (ii) successful radiofrequency ablation, adapted from [134]. (i, a) Four 2D isochrones of
the ventricles prior to catheter ablation showing earliest area of activation in the lateral LV; (b)
Anterior view of the 3D-rendered isochrone prior to catheter ablation; (c) Cross section of the
previous 3D-rendered isochrone at the valve level; (d) Electroanatomical map in Le Anterior
Oblique (LAO) view showing superior vena cava (SVC), right atrium (RA), coronary sinus (CS),
His site (yellow dot), and the site of successful ablation in the lateral LV (red dot); (ii, a) Four
2D isochrones of the ventricles aer catheter ablation showing earliest area of activation in the
septum; (b) Anterior view of the 3D-rendered isochrone aer catheter ablation showing normal
sinus activation of the ventricles; (c) Cross section of the 3D-rendered isochrone at the valve level
aer catheter ablation.
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in the appendices: one posteroseptal AP before ablation (Appendix A.1, Fig.A.1), and one right
posterolateral AP before and aer ablation (Appendix A.1, Fig.A.2).
Figure 5.3: Isochrones of a 17-year-old female with a fasciculoventricular pathway, adapted from
[134]. (a) Anterior view of the 3D-rendered isochrone prior to catheter ablation. No denitive area
of earliest activation can be identied; (b) Coronal slice of the previous 3D-rendered isochrone.
Earliest activation is seen in the mid-septal RV; (c) Cross section of the 3D-rendered isochrone at
the level of the mid ventricles. e black dashed line displayed on the coronal slice (b) corresponds
to the exact level of the cross section.
Furthermore, correlation heat maps shown in Fig.5.4, illustrate the accuracy of EWI and ECG
interpretation by the clinician for location prediction of the imaged AP. EWI correctly predicted
100% of the AP locations, as displayed by only green cells in Fig.5.4-a. When considering adjacent
segments as correct prediction, the Boersma et al. and Arruda et al. algorithms correctly predicted
78.6% of the AP locations, whereas when being conservative (excluding yellow cells), only 50%
(Fig.5.4-b) and 57.1% (Fig.5.4-c), respectively, of the predictions were correct. More quantitatively,
the AP localization performances of EWI versus both the Boersma et al. and Arruda et al. ECG
algorithms were quantied with positive predictive value and sensitivity analysis. e values are
listed for each ventricular segment and provided in table form in Appendix A.1 (Table A.1).
5.1.5 Discussion
In this double-blinded study, 15 WPW minor patients were imaged with EWI prior to their
catheter ablation procedures. One patient was excluded for poor echocardiographic windows
and the inability to image the entire ventricular myocardium. EWI was capable of both localizing
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and visualizing the earliest ventricular activation in all remaining 14 patients, as well as assessing
the dierence in electromechanical activation paern from before to aer successful ablation in
the 6 patients with repeated EWI scans.
e safety and ecacy of WPW ablation is well documented, but approximately 6% of abla-
tions are still unsuccessful. is is variable by pathway location, from a 98% success rate for le
free wall pathways to 88% to 89% for septal pathways [179]. Complications from catheter ablation
of AP are rare but can still occur. In addition, the risks of WPW ablation can vary by location,
such as atrioventricular block in septal pathways, complications from transseptal puncture in
le-sided ablation, and dierences in uoroscopy and anesthesia times based on pathway loca-
tion. Some less common pathways, such as the fasciculoventricular AP, do not require catheter
ablation at all. Having knowledge of the location of the AP is crucial for both planning of catheter
ablation and patient counseling prior to the procedure. Adding EWI to the standard 12-lead ECG
has the potential to increase the accuracy of AP localization prior to catheter ablation procedures.
In this pediatric cohort, EWI successfully localized APs in a variety of locations to an ap-
proximately 1- to 2-cm area of myocardium in each case (see scale bars on Figures 5.2, A.1 and
A.2). In addition, EWI was capable of correctly identifying the earliest area of ventricular pre-
excitation from a rare fasciculoventricular pathway (Fig. 5.3). e laer was localized distal to
the atrioventricular ring (contrary to standard AP) in the mid-ventricular septum, and no cur-
rent AP localization algorithm would predict this location. An advantage of EWI is its ability
to locate pre-excitation in ventricular myocardium below the level of the atrioventricular rings
and thus, provide more detailed anatomical visualization of ventricular pre-excitation than ECG
alone. Moreover, EWI isochrones correctly predicted the location of the AP in all 14 patients
(100%), while ECG analysis with Boersma et al. or Arruda et al. algorithms correctly predicted
11 of 14 (78.6%) of the AP locations, as validated by a lower correlation with electroanatomical
mapping results (Fig.5.4 and Table A.1). ese ndings indicate that our modality in conjunction
with standard 12-lead ECG has the potential to beer inform a treating electrophysiologist on
73
5.1. AP LOCALIZATION IN WPW MINORS
the precise AP location in pre-procedural planning as well as post-procedural assessment.
Nonetheless, there are a few inherent limitations to this study. e exact spatial resolution of
EWI isochrones is dependent on both the quality of imaging and the location of the pathway, and
is illustrated on a case-by-case basis with scale bars in each gure. When using 2D echocardiog-
raphy, the location of the myocardial points imaged can aect the specicity of the 3D-rendered
EWI results. For example, as seen in the 3D-rendering algorithm methods (Chapter 3, subsec-
tion 3.3.1), there are 5 image samples around the le ventricular free wall and 3 for the septum,
but only 2 for the right ventricle free wall. is inherently means that the spatial resolution of
3D-rendered EWI will be higher for le-sided AP. is goes back to the multi-2D sampling ef-
fect previously mentioned in subsection 3.3.2 and investigated on the example of an LV paced
open-chest canine (Fig.3.6).
Furthermore, another limitation lies in the fact that this study was performed in a small cohort
of 14 WPW patients. We demonstrated the technique’s promising capabilities in the clinic and
suggested its potential uses, but the limited sample size prevented analysis on clinical outcomes.
In fact, the blinding of the treating electrophysiologist to the isochrone results precluded inves-
tigation of EWI’s eect on the actual ablation procedures execution. Besides, given the limited
number of patients, certain pathway locations were not included. Finally, this is a single-center
study involving only pediatric patients. erefore, these results may not be generalizable to all
patients with ventricular pre-excitation. Further studies are needed to both validate EWI in WPW
adults, and determine its utility and accuracy for localization of other arrhythmia types.
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Figure 5.4: Correlation heatmaps comparing EWI and ECG pathway localizations to intracar-
diac study results in minors, adapted from [134]. (a) Table showing conrmed AP locations from
catheter mapping (columns) compared with EWI isochrone AP location predictions (rows); (b)
Table showing intracardiac localization of AP (columns) compared with Boersma et al. ECG-
based AP location predictions (rows); (c) Table showing intracardiac localization of AP (columns)
compared with Arruda et al. ECG-based AP location predictions (rows). Green represents per-
fect predictions, yellow illustrates predictions in adjacent segments, and red displays wrong pre-
dictions. e numbers wrien in the cells correspond to the number of predicted AP for each
ventricular segment.
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5.2 Localize ventricular arrhythmia such as APs and PVCs
and evaluate EWI’s prediction performances in an adult
population
5.2.1 Abstract
Cardiac arrhythmias are a major cause of morbidity and mortality worldwide. e 12-lead elec-
trocardiogram (ECG) is the current non-invasive clinical tool used to diagnose and localize car-
diac arrhythmias. However, it has limited accuracy and is subject to operator bias. In this study,
we evaluate the accuracy of Electromechanical Wave Imaging (EWI) for localization of ventric-
ular arrhythmias in adult patients before catheter ablation. Twenty-three patients with an ac-
cessory pathway (AP) with Wol-Parkinson-White (n=12 WPW) syndrome, or premature ven-
tricular complexes (n= 11 PVCs) underwent transthoracic EWI and 12-lead ECG prior to their
scheduled ablation procedures. 3D-rendered EWI isochrones and 12-lead ECG predictions by six
electrophysiologists were applied to a 21-segment standardized cardiac model and subsequently
compared to the region of successful ablation on the 3D electroanatomical maps generated by
invasive intracardiac catheter mapping. ere was signicant interobserver variability among
12-lead ECG reads by expert electrophysiologists (minimal agreement, Kappa = 0.33). EWI cor-
rectly predicted 100% of AP and 91% of PVC foci, as compared with 64% and 80% respectively for
12-lead ECG analyses. is clinical study demonstrated that EWI was capable of localizing ven-
tricular arrhythmias including WPW and PVC. erefore, when used in conjunction with ECG,
EWI may allow for improved diagnosis and treatment planning for patients with ventricular ar-
rhythmias.
5.2.2 Introduction
Diagnosis and localization of ventricular arrhythmias are critical for clinical decision making and
treatment planning in the electrophysiology laboratory. As mentioned several times throughout
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this thesis dissertation, 12-lead ECG is the current standard in the clinic. It is an invaluable tool,
but has been shown to have limited specicity. Studies of algorithms for localizing ectopic ven-
tricular rhythms have reported accuracies in the range of 72-82%, and inter-observer variability
is common [137], [59], [63], [16].
erefore, EWI would have the potential to facilitate pre-procedural discussions with patients,
preoperative planning, reduce procedural mapping times and minimize ineective ablation le-
sions, if correctly predicting the arrhythmic source. We have just shown in this Chapter’s earlier
section (5.1) proof of concept in the clinic for localization of accessory pathways in minors with
otherwise no other co-morbidities. Initial feasibility was also previously reported by our group
on two premature ventricular contractions (N=2 PVCs) and two Wol–Parkinson–White (N=2
WPW) syndrome adult patients [46], [51].
is larger prospective pilot study aims to further investigate the clinical accuracy of EWI
to quickly and non-invasively localize ventricular arrhythmia in a more diverse adult population
presenting for catheter ablation with pre-existing cardiac disease, previous ablations, and other
cardiovascular co-morbidities. To achieve this goal, EWI was used to scan patients immediately
prior to their WPW or PVC catheter ablation procedures. In this section (5.2), we seek to estab-
lish that the predicted locations will correlate with the true arrhythmic source, as determined
by the standard of care 3D electroanatomical maps made with invasive catheter mapping and
eventual successful site of ablation. Furthermore, we compare EWI’s diagnostic accuracy and
performances with clinical 12-lead ECG-based localization by expert electrophysiologists.
5.2.3 Methods
Patient Population and Study Design
Twenty-ve (N=25) patients presenting to the Columbia University Medical Center cardiac elec-
trophysiology laboratory for catheter ablation of an AP or PVCs were consented for EWI. e
77
5.2. VENTRICULAR ARRHYTHMIA LOCALIZATION IN ADULTS
Columbia University Institutional Review Board approved this study before the initiation of re-
search activities. All patients were scanned by a trained sonographer in the pre-operative area
immediately prior to the catheter ablation procedure. However, two of the twenty-ve (8%) im-
aged patients had to be excluded from EWI analysis due to poor acoustic windows, preventing
thorough echocardiographic visualization and complete acquisition of the four required apical
views, which is below standard rates of limited echocardiography studies previously reported
at 20% [139]. e resulting 23 patient cohort was composed of twelve WPW (n=12, aged 18-67,
58% male) and eleven PVC (n=11, aged 25-89, 73% male) cases. All patients with an AP had man-
ifest ventricular pre-excitation on their resting ECG (mean QRS duration: 127 ± 3 ms), while
patients presenting for PVC ablation had monomorphic PVCs (mean PVC burden: 29 ± 2%).
Patient characteristics were obtained from preoperative histories and medical records. Full base-
line characteristics and other measurements including history of prior ablations or surgeries by
arrhythmia subgroup are provided in Appendix A.2, Table A.2. Clinical electrophysiology stud-
ies (EPS) were performed using standard equipment and electro-anatomical mapping (CARTO;
Biosense Webster, Diamond Barr, CA, USA or EnSite; Abbo Medical, St. Paul, MN, USA).
Prediction Protocol
For AP and PVC localization, the prediction protocol was designed in a very similar manner to
the one from section 5.1, with only a few changes in the standardized template of the ventricles.
Figure 5.5 illustrates the segmented map with the 21 anatomic locations used to predict the ven-
tricular arrhythmia origins, notably including single segments for the right ventricular outow
tract (RVOT) and le ventricular outow tract (LVOT) respectively.
Isochrones were generated in the four apical views, as well as in the 3D-rendered format for
all patients. EWI localizations for all diagnoses were determined based on the earliest activated
regions on the 2D isochrones prior to 3D rendering. Only during initial feasibility testing, the rst
5 patients were processed in a single-blinded manner such that the EPS operators were blinded to
78
5.2. VENTRICULAR ARRHYTHMIA LOCALIZATION IN ADULTS
Figure 5.5: 21-segment template of the right and le ventricles used for interpretation of EWI
and ECG results (includes 1 segment each for the RVOT and LVOT not shown), taken from [83].
EWI results, but EWI was not blinded to catheter ablation results. All data from the subsequent
18 patients were processed as a double-blinded study. Meanwhile, six expert electrophysiologists
were asked to use each patient’s pre-operative 12-lead ECG prior to ablation to predict the ar-
rhythmia site of origin or location of the AP. e board-certied electrophysiologists were not
involved in the patient’s care, and were blinded from EWI, EPS results and 3D electroanatomical
maps. ey were allowed to use any preferred algorithm for localization. As in the previous
study, reads were considered correct when predictions fell in the exact segment or in a directly
adjacent segment to the actual location of the arrhythmia (Fig.5.5).
Finally, results of EWI and ECG analysis were compared directly to the 3D electroanatomical
maps constructed during EPS and the site of successful ablation.
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5.2.4 Results
Accessory Pathways
Of the twelve WPW patients included, the following accessory pathway locations were found:
3 le lateral, 1 le anterolateral, 4 posteroseptal, 3 anteroseptal, and 1 right posterior. Catheter
ablation was successful in 100% of cases, which was dened as loss of the delta wave on ECG. As
successfully as in section 5.1, EWI was able to correctly predict 12/12 (100%) of the AP locations,
this time in an adult population. Representative ventricular isochrones of a le lateral pathway in
a 38-year-old female before ablation are shown in Fig.5.6. For all isochrones, red indicates earliest
activation and blue latest. e earliest area of activation can clearly be seen in the basal lateral
wall of the LV. is satisfyingly agrees with the site of successful ablation and AP location found
during the EPS.
Figure 5.6: EWI isochrones of a 38-year-old female with a le lateral accessory pathway before
ablation. (a) Four 2D isochrones of the ventricles illustrating the earliest point of activation in
the basal lateral wall of the LV; (b) 3D-rendered isochrones of the ventricles in the anterior view
(le) and posterior view (right); (c) Coronal slice of the anterior 3D-rendered isochrone; (d) Cross
section of the 3D-rendered isochrones at the level of the basal ventricles.
Another example of WPW isochrones for a dierent type of AP is included in Appendix A.2,
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Fig.A.3. e laer displays a posteroseptal AP in a 34-year-old male illustrating the earliest point
of activation in the basal posteroseptal wall; transmurally on the 3.5-chamber view isochrone, and
also slightly appearing a bit more anteriorly on the RV side of the 4-chamber septum (Fig.A.3-b).
Premature Ventricular Contractions
For the eleven PVC patients, the specic locations conrmed with EPS included 4 septal RVOT, 1
high posterior RVOT, 1 aorto-mitral continuity, 1 right coronary sinus of Valsalva, 1 epicardial LV
summit, 1 le anterior papillary muscle, 1 posterior papillary muscle of the tricuspid valve, and
1 RV septum. Successful catheter ablation, dened as absence and non-inducibility of primary
PVC morphology, was achieved in 10 of 11 (91%) cases. EWI correctly identied 10/11 (91%) of
PVC locations.
Representative images of a 65-year-old male presenting for ablation of frequent PVCs origi-
nating from the le anterior papillary muscle, with 2D and 3D isochrones are included in Fig.5.7.
is particular example was a very interesting case to validate our technique. We were able to
capture both sinus and PVC beats consecutively in the acquisitions for each of the four views
prior to catheter ablation, and processed both of them with EWI. e top isochrones (Fig.5.7-i,)
display a homogeneous sinus paern, with early activation shown in orange starting at the sep-
tum and propagating towards both ventricles. On the other hand, one can clearly see a red early
activated region at the mid-level of the LV anterior/anterolateral wall on the boom isochrones
(Fig.5.7-ii), followed by a very slow propagation to the rest of the LV and nally towards the RV.
Not only was EWI capable of localizing the PVC origin during the ectopic beat before ablation,
but it was also capable of dierentiating the laer from the sinus beat activation paern.
EWI compared to ECG analysis
One patient was excluded from ECG analysis because of lack of a 12-lead ECG in the appropriate
rhythm. ECG-based predictions were otherwise completed by all six electrophysiologists for the
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Figure 5.7: EWI isochrones of consecutive sinus (i) and PVC beats (ii) prior to catheter ablation in
a 65-year-old male, adapted from [83]. (i, a) Four 2D isochrones of the ventricles during the sinus
beat; (b) 3D-rendered isochrone (anterior view); (c) Coronal section of the 3D-rendered isochrone;
(ii, a) Four 2D ventricular isochrones of the same patient during the ectopic beat originating from
the le anterior papillary muscle; (b) 3D-rendered isochrones (anterior view); (c) Coronal section
of the 3D-rendered isochrone.
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remaining 22 patients (ECG (N) numbers explained in Appendix A.2, Table A.3 for each arrhyth-
mia type).
Clinician interpretation of 12-lead ECG correctly predicted 80% of PVC locations, while only
64% of the pathways, with minimal interobserver agreement by diagnosis (Kappa=0.33). EWI was
more accurate than ECG for localization of arrhythmias in all patients: isochrones successfully
identied 12/12 (100%) of the APs and 10/11 (91%) of PVC origins. In the single case EWI was un-
able to locate the PVC origin, no area of earliest activation could be determined on the isochrones.
For this case, the PVCs were coming from the RVOT, and it is believed that the ectopic source was
most likely originating outside of the acquired EWI views. Accuracy by diagnosis (Table A.3-a),
direct comparison of EWI with ECG (Table A.3-b), and interobserver agreement of ECG reads
(Table A.3-c) are all detailed in Appendix A.2.
Finally, heatmaps demonstrating predicted locations of the ventricular arrhythmias by EWI
and cardiac electrophysiologists compared to localization with intracardiac mapping are shown
in Fig.5.8. ere was no change in accuracy for EWI when predicted segments adjacent to the
correct segments were disregarded. However, ECG accuracy for AP localization fell from 64 to
47% (Fig.5.8-a), whereas PVC localization fell from 80 to 75% (Fig.5.8-b) if only exact segments
were considered correct.
5.2.5 Discussion
is study, performed at a single center, was the rst large prospective pilot analysis of clinical us-
age of our technique. We sought to evaluate the utility of EWI in locating ventricular arrhythmias
in an adult population of 25 patients. Two cases had to be excluded from analysis due to poor
acoustic windows. We did not specically determine endocardial or epicardial focality for the
ventricular arrhythmias imaged in the remaining 23 cases. Although EWI was previously shown
capable of distinguishing endocardial from epicardial focal origins in canine le ventricles [51],
none of the patients included were found to have an epicardial focus in this cohort.
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Figure 5.8: Heatmaps of EWI and ECG predictions versus intracardiac catheter-determined loca-
tions for both (a) WPW AP and (b) PVC localization in adults, taken from [83]. Rows indicate EWI
or ECG predictions, whereas the columns represent the intracardiac location of the pathway con-
rmed by invasive catheter electrophysiology mapping. e locations for both predictions and
intracardiac mapping refer to the segment numbers from the template found in Fig. 5.5. A “?”
indicates that the reading physician or EWI was unable to make a prediction. e number in each
cell indicates the number of predictions of the segment in the row as predicted by EWI or ECG,
respectively. erefore, there is one prediction per case with EWI and six per case with ECG.
Green indicates an exactly correct prediction. Yellow indicates a prediction in an immediate ad-
jacent cardiac segment, which was counted correct in the results and as displayed in Table A.3.
Red indicates an incorrect prediction.
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In our previous section 5.1, EWI was used for AP localization in minors with WPW, known
to be otherwise healthy with normal heart function and no other cardiovascular diseases. Here
in section 5.2, we showed a consistently high rate of EWI accuracy for successfully localizing the
sites of interest, despite patients having substantial co-morbidities; e.g., congestive heart failure
and previous cardiac surgeries (Appendix A.2, Table A.2). On prior echocardiogram, 21.7% (n = 5)
of patients had dilated le atria, 21.7% (n = 5) of patients had prior evidence of wall motion abnor-
mality, 30.4% (n = 7) of patients had a decreased LV ejection fraction, 13% (n = 3) of patients had a
previously technically limited echocardiogram, and 8.7% (n = 2) of patients had previous catheter
ablation procedures. Previous catheter ablation causing iatrogenic scar formation is known to
make ECG interpretation more dicult [144]. Preexisting structural aberrations, such as scar-
ring and wall motion abnormalities, did not however diminish EWI localization performances.
In this adult cohort, EWI was capable of accurately predicting 12/12 (100%) of the AP loca-
tions and 10/11 (91%) of PVC locations. Besides, the accuracy of EWI localization was higher than
that of clinical diagnosis by the six blinded electrophysiologists using standard 12-lead ECG, as
determined by the successful ablation site (Fig.5.8). Clinician interpretation of the ECG correctly
identied 64% of the pathways and 80% of the ectopic beats (Appendix A.2, Table A.3). Further-
more, EWI isochrones were proven capable of capturing ventricular bigeminy and the associated
change in activation paern between two consecutive beats (sinus rhythm vs ectopy) in the same
PVC patient prior to ablation (Fig.5.7). ese ndings illustrate EWI’s ability to describe a variety
of activation paerns in a heterogeneous patient population with ventricular arrhythmias.
Finally, EWI’s success relies on good quality echocardiography and the presence of the rhythm
of interest during acquisition for proper localization of the arrhythmic source. Nevertheless,
even with high quality imaging, certain anatomical structures are dicult to thoroughly image
with transthoracic echocardiography, particularly in apical views. is was most notable in this
cohort with PVC localization in the RVOT and LVOT. EWI could determine the outow tract from
which a PVC originates, but providing more specic anatomical localization within each track
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is dicult. Acquiring additional 2D EWI slices such as the parasternal long-axis or tricuspid tilt
views, to specially image the RVOT region, could potentially provide more precise arrhythmia
localization. More thorough characterization of these areas of myocardium may also be beer
achieved through the use of true 3D volumetric ultrasound imaging and, more specically, EWI
with trans-esophageal or intra-cardiac echocardiography. Nevertheless, transthoracic EWI can
already direct the operator to a more specic area than 12-lead ECG alone, and potentially aid in
shortening intracardiac mapping and procedure times. When used in conjunction with standard
12-lead ECG, EWI may be a valuable tool for diagnosis, clinical decision-making, and treatment
planning of patients with ventricular arrhythmias.
5.3 Localize atrial arrhythmia such as ATachs and macro-
reentrant Autters and evaluate EWI’s prediction per-
formances in an adult population
5.3.1 Abstract
Arrhythmia localization remains a clinical challenge as it aects 300 million people worldwide.
e 12-lead electrocardiogram (ECG) is one of the most important arrhythmia diagnosis tools
available to physicians throughout clinical practice. However, the ECG does not provide 3D
anatomical visual information and has limited spatial resolution capabilities. is study sought
to investigate the accuracy of Electromechanical Wave Imaging (EWI) for localization of both
focal arrhythmias and macro-reentrant circuits in the atria of adult patients before catheter ab-
lation. irty-two patients with focal atrial tachycardia (n=7 ATach), or macro-reentrant atrial
uers (n= 25 Auers) were imaged with transthoracic EWI and had 12-lead ECGs acquired
prior to their scheduled ablation procedures. EWI isochrones and blinded clinicians analyzing
the ECGs had to assess whether the atrial arrhythmia was i) a typical right-sided cavotricuspid
isthmus associated uer, or ii) of other right atrial versus iii) le atrial origin. Finally, both
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predictions were compared and validated against the successful ablation site from the catheter
mapping results. ere was signicant interobserver variability among 12-lead ECG reads by ex-
pert electrophysiologists (no agreement for ATach with Kappa = 0.00, and minimal agreement for
Auer, Kappa = 0.37). EWI correctly predicted 100% of ATach sources and 96% of Auer cir-
cuit locations, as compared with 50% and 74% respectively for 12-lead ECG analyses. is clinical
study demonstrated that EWI was not only successfully capable of localizing focal atrial arrhyth-
mias such as ATach, but also of characterizing macro-reentrant circuit propagation in Auers.
Hence, EWI used as a complementary tool to 12-lead ECG in the clinic to assist the operating
electrophysiologists, may provide increased accuracy in the diagnosis of atrial arrhythmias.
5.3.2 Introduction
In the past and as previously mentioned in this thesis dissertation (Chapter 4 and Chapter 5
sections 5.1 and 5.2), transthoracic EWI was typically used in human subjects to characterize
the activation paern of the ventricles. More recently, another high frame-rate ultrasound-based
technique known as electromechanical cycle length mapping (ECLM) was developed by our team,
and applied to atrial rhythms in canines [48]. Unlike EWI’s activation time maps, ECLM relies
on Fourier analysis of the incremental strain to assess the rate of activation. ECLM processing
results in cycle length maps and histograms that can display the dominant frequency, which can
be very useful for characterizing reentrant rhythms. Proof of concept was also shown in atrial
brillation and atrial uer patients [167], [46].
Furthermore, initial feasibility of atrial EWI isochrones prediction was previously reported
by our group for macro-reentrant rhythms in the apical four-chamber view only; on a single
typical right (N=1) and a single atypical le (N=1) atrial uer [166]. However, to this day, EWI
activation mapping has not been used in patients to localize focal atrial arrhythmias.
is section (5.3) seeks to investigate EWI’s accuracy for the rst time in a large prospec-
tive pilot study for localization of both abnormal focal rhythms and macro-reentrant circuits in
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the atria. Towards that goal, EWI was used to scan atrial tachycardia and uer patients in an
adult population prior to their catheter ablation in four dierent apical views. e isochrone
predictions were validated against intracardiac mapping results, and nally EWI’s diagnostic
performances were compared to 12-lead ECG interpretation by blinded clinicians.
5.3.3 Methods
Patient Population and Study Design
irty-ve (N=35) patients were imaged with EWI prior to their Auer or ATach ablation, when
they presented in their arrhythmic rhythm on their resting ECG. e Columbia University Medi-
cal Center Institutional Review Board approved this clinical study before the initiation of research
activities, and informed consent was obtained before each EWI scan. ree of the thirty-ve im-
aged patients were excluded from EWI analysis due to poor acoustic windows. e resulting 32
patient cohort was composed of seven focal ATach (n=7, aged 38-74, 57% male) and twenty-ve
macro-reentrant Auer (n=25, aged 51-81, 80% male) cases. e respective mean cycle lengths
were 362 ± 20 ms for ATach and 270 ± 6 ms for Auer. Patient characteristics were obtained
from preoperative histories and medical records, and are provided in Appendix A.3, Table A.4.
e patient recruitment process, study design, echocardiography views acquired, EWI processing
and prediction protocol all remained unchanged from section 5.2.
Prediction Protocol
e only dierence for this study was that instead of referring to the 21 ventricular segments
heart template (Fig.5.5), only 3 atrial classication categories were used for atrial tachycardia and
macro-reentrant uer location predictions. Both EWI isochrones and clinicians had to assess
whether the arrhythmia was i) a typical right-sided cavotricuspid isthmus (CTI) associated uer,
or ii) of other right atrial versus iii) le atrial origin. During initial feasibility testing, the rst 8
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patients were processed in a single-blinded manner such that the EPS operators were blinded to
EWI results, but EWI was not blinded to catheter ablation results. All data from the subsequent
24 patients were processed as a double-blinded study.
5.3.4 Results
Atrial tachycardia
Locations identied on the intracardiac maps for the seven ATach patients included 2 high poste-
rior right atrium, 1 right atrial septum, 1 crista terminalis, 1 low lateral right atrium, 1 le inferior
pulmonary vein, and 1 le atrial roof tachycardia originating from an accessory pulmonary vein.
erefore, ve originated from the right atrium, and two originated from the le atrium. Catheter
ablation was successful in terminating 100% of ATach cases. EWI correctly identied 7/7 (100%)
of the ATach locations.
A representative example of an ATach patient with 2D and 3D-rendered isochrones is shown
on Figure 5.9. e ATach was deemed to be coming from the high posterior RA based on the
electroanatomical map and site of successful ablation. EWI isochrones clearly depict a focal spot
on the high right posterolateral atrium in the 3.5-chamber view (Fig.5.9-a), as illustrated by the
earliest area of activation and therefore satisfyingly agreeing with the intracardiac EPS results.
A second patient with a right atrial free wall ATach is included in Appendix A.3, Figure
A.4, illustrating the dierence between earliest activation in the lateral free wall (4-chamber
view isochrone from Fig.A.4-a) versus the posterior wall of the right atrium (3.5-chamber view
isochrone from Fig.5.9-a).
Macro-reentrant utters
e twenty-ve Auer patients were composed of twenty-one typical CTI-dependent uer and
four other atypical mechanisms originating from the le atrium. Of the atypical mechanisms, 2
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Figure 5.9: EWI isochrones of a 74-year-old male with a right posterior ATach before ablation,
adapted from [83]. (a) Four 2D isochrones of the atria with the earliest point of activation in
the high right posterolateral atrium; (b) 3D-rendered isochrones of the atria in the anterior view
(le) and posterior view (right) with single lead ECG obtained during EWI acquisition displayed
below.
were peri-mitral, 1 was a le atrial roof uer, and 1 was a le atrial anterior wall uer. Catheter
ablation was acutely successful in terminating 24 of 25 (96%) of Auer cases. EWI correctly
identied the location of 24 of 25 (96%) of the macro-reentrant circuits.
Representative images of two types of uers prior to ablation are included in Fig.5.10, with
co-registered multi-2D EWI isochrone slices on top and the corresponding 3D-rendered isochrone
in anterior view on the boom. e electrophysiology study determined the case on the le to
be a typical right-sided CTI uer (Fig.5.10-i). is is indeed visible on the EWI isochrones with
the red early regions in the RA displayed on several slices at the tricuspid valve level. Contrary
to the ATach cases from Figures 5.9 and A.4, where we could see a focal spot responsible for
the origin of activation on a single 2D isochrone, here there is a broader early activated region
corresponding to the circuit location. Aer interpolation, the propagation of the circuit in the RA
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Figure 5.10: Atrial isochrones of a (i) 62-year-old male with a CTI Auer and (ii) 61-year-old
male with a mitral uer prior to ablation, adapted from [83]. (a) e isochrones are displayed
as four multi-2D co-registered slices in anterior (le) and posterior (right) view; (b) 3D-rendered
atrial isochrone in anterior view.
around the valve is clearly depicted (Fig.5.10-i(b)). While for the right subgure (Fig.5.10-ii), the
ablation procedure found the patient to have a le-sided mitral uer. In fact, the early activated
regions this time are located on the le side and the activation circuit is propagating around the
mitral valve (Fig.5.10-ii(b)). erefore, in addition to being able to localize the uer origin, the
isochrones were able to characterize the direction of the circuits’ propagation, which could not
be achieved in the past with a single four-chamber view isochrone slice [166].
Clinical application of isochrone visualization
EWI isochrones can be co-registered to pre-ablation CT scans and 3D electroanatomical maps
built with invasive catheter mapping, as shown in Figure 5.11. e laer displays images of the
2D isochrones (Fig.5.11-a) and electroanatomical map (Fig.5.11-b) of a le-sided ATach, as well
as the corresponding 12-lead ECG (Fig.5.11-c) and four-chamber isochrone co-registered to the
pre-ablation CT scan (Fig.5.11-d). On her pre-ablation CT scan, the patient was noted to have an
accessory pulmonary vein originating from the le atrial roof. Aer a previous pulmonary vein
isolation procedure, she now presents for another ablation of a le atrial roof ATach originating
at the ostium of the accessory pulmonary vein. Transthoracic echocardiography was dicult in
91
5.3. ATRIAL ARRHYTHMIA LOCALIZATION IN ADULTS
this patient, resulting in the 3.5- and 2-chamber views being more closely aligned than expected
and therefore preventing 3D rendering, as can be seen with the very narrow segmentation of the
RA cavity in the 3.5-chamber view isochrone (Fig.5.11-a).
Figure 5.11: EWI isochrones of a 64-year-old female with a le atrial roof ATach presenting for
ablation aer previous pulmonary vein isolation, taken from [83]. (a) Four 2D EWI isochrones
of the atria, illustrating earliest activation on the le atrial roof; (b) Pre-ablation CT scan of the
le atrium (blue) and LV (orange) alongside the CARTO electroanatomical map during the abla-
tion procedure. On the intracardiac map, the red arrow at the boom illustrates the initial site
of ablation, when the arrhythmia was believed to be originating from the mitral isthmus. e
blue arrows at the top illustrate the successful site of ablation at the location of the accessory
pulmonary vein; (c) Twelve-lead ECG obtained during EWI acquisition and before the EPS; (d)
Four-chamber atrial isochrone overlaid onto the full cardiac CT scan. e blue arrow points to
the accessory pulmonary vein and matches the location of the earliest activated region in the roof
of the isochrone.
Besides, EWI isochrones can be displayed over shorter time scales, allowing for beer char-
acterization of the direction of propagation, as illustrated on the example of the le-sided mitral
Auer case from Fig.5.10-ii provided in Appendix A.3, Figure A.5. Lastly, the multi-2D co-
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registered isochrones can also be played over time as a movie to further emphasize the activation
propagation in macro-reentrant uers.
EWI compared to ECG analysis
Two patients were excluded from blinded ECG analysis because of lack of a 12-lead ECG in the
appropriate rhythm. ECG-based predictions were completed by all six expert electrophysiolo-
gists for the remaining 30 patients (ECG (N) numbers detailed for each atrial arrhythmia type in
Appendix A.3, Table A.5).
Clinician interpretation of 12-lead ECG successfully identied the location of 74% of the
macro-rentrant Auer circuits, while only predicting 50% of focal ATach origins, with very
minimal interobserver agreement (Kappa value = 0.37 for Auer and 0.00 for ATach). EWI per-
formed more accurately than ECG in all patients: isochrones correctly identied 7/7 (100%) of the
ATach sources and successfully predicted 24/25 (96%) of Auer locations. Accuracy by diagnosis
(Table A.5-a), direct comparison of EWI with ECG (Table A.5-b), and interobserver agreement of
ECG reads between clinicians (Table A.5-c) are all listed in Appendix A.3.
5.3.5 Discussion
is study investigated EWI’s accuracy in localizing atrial arrhythmias prior to catheter ablation
in a cohort of 34 adult patients. Aer excluding two patients for poor echocardiographic win-
dows, EWI correctly predicted the location of 7/7 (100%) ATach and 24/25 (96%) uer circuits.
Meanwhile, ECG interpretation by six blinded electrophysiologists identied 50% of ATach and
74% of Auer (Appendix A.3, Table A.5). erefore, EWI is capable of dierentiating atrial ar-
rhythmias and visualizing their origins prior to ablation more accurately than 12-lead ECG, as
validated by electroanatomical mapping. Not only was EWI shown capable of localizing focal
arrhythmia as in the two previous sections, this time in the atrial chambers (Figures 5.9 and A.4),
but EWI was also proven to characterize macro-reentrant circuit propagation in uers (Figures
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5.10 and A.5). ese results are all the more satisfying, knowing that the ultrasound wave had
to travel further than for ventricular arrhythmias to the boom of the eld of view in the apical
views and was more aenuated upon reaching the atrial walls.
An advantage of EWI is the ease with which isochrones can clearly demarcate the earliest sites
of interest along with direct anatomic visualization similar to standard transthoracic echocardio-
graphy. For example, 12-lead ECG may be limited in diagnosing arrhythmias from the poste-
rior side of the heart, but EWI imaging can provide 3D-rendered anatomical information. EWI
isochrones can also be imported onto 3D electroanatomical mapping systems (CARTO or Ensite)
used in the electrophysiology laboratory. Although sites of intended treatment will necessarily be
conrmed with intracardiac catheter mapping before ablation, an overlay of EWI isochrones on
co-registered personalized patient anatomy in clinical mapping systems and visualization along-
side the intracardiac maps may potentially reduce procedural time by directing the treating elec-
trophysiologist to the area of interest expeditiously. For example, prior knowledge of the location
of origin of the focal ATach at the juncture of the accessory pulmonary vein (Fig.5.11, blue ar-
row) in the patient with le atrial roof tachycardia could have potentially prevented prolonged
procedure and anesthesia times and decreased radiation exposure to the patient, who had previ-
ous pulmonary vein isolation. In fact, EWI could have beer informed clinical decision-making
in this case by guiding the operating electrophysiologist to the successful site of ablation rst,
instead of the initial one they tried ablating when the arrhythmia was believed to be originating
from the mitral isthmus (Fig.5.11, red arrow).
An inherent limitation of our technique is the co-registration of the four multi-2D isochrone
views in time, which relies on the manual p-wave origin selection on the single lead ECG, cor-
responding to the earliest possible activation (0 ms). In sinus rhythm, this is usually straightfor-
ward. However, it becomes dicult if the p-wave onset is not clearly visible in atrial arrhythmias.
is does happen frequently for Auers due to the sawtooth paern of the ECG trace. Moreover,
our single lead signal acquired simultaneously with EWI is noisier than a clinical 12-lead ECG.
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us, repeating the origin selection process to have consistent isochrone starting times across
the views is of utmost importance, despite being time consuming. We ensured that the heart
rhythm and ECG morphology were identical across all four atrial views for each cycle before 3D
rendering. e temporal origin of the activation map was systematically selected on each view’s
corresponding ECG by measuring an identical interval from the immediate p-wave peak. Fur-
thermore, in the cases of Auers, we always selected the p-wave of interest on the ECG within
the “sawtooth” p-wave paern away from the QRS complex to avoid potential interference with
ventricular signals (Fig.3.4-b). Future studies using high–volume rate 3D EWI would circumvent
potential errors arising from the challenges of temporal multi-2D views co-registration, as well as
out-of-plane motion, because the electromechanical activity of the entire heart would be mapped
in a single heartbeat.
5.4 Conclusion
In this chapter, we presented three double-blinded studies and reported the clinical accuracy of
multi-2D or 3D-rendered transthoracic EWI for non-invasive localization of arrhythmias in all
four cardiac chambers. is was rst performed in section 5.1 with a study restricted to AP lo-
calization in minors with WPW, who were otherwise known to be healthy. en, in the next
two sections (5.2 and 5.3), we presented adult patient populations with pre-existing cardiac dis-
eases including previous catheter ablations and/or other cardiovascular comorbidities, and fo-
cused on WPW syndrome, PVCs, ATach and Auer. In addition to successfully predicting fo-
cal arrhythmia locations in both ventricles and atria, EWI was shown capable of characterizing
macro-reentrant circuit propagation in uers. Lastly, in all three cohorts, the accuracy of EWI
was higher than that of clinical diagnosis by electrophysiologists reading standard 12-lead ECGs.
Standard 12-lead ECG has long been an important tool for localization of arrhythmias. How-
ever, the anatomic information provided by ECGs can be limited. Several methodologies have
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been proposed to increase the accuracy of the ECG, but these have had variable success. Fur-
thermore, ECG for diagnosis and localization of arrhythmias has previously been shown to have
a high degree of interobserver variability, which is also seen in this Chapter. e average accu-
racy of 12-lead ECG localization in our cohorts was lower than previously published, as was the
agreement between observers, which may have aected its comparison with EWI. is may be
due to the usage of standardized segmented maps, which may have diminished the accuracy of
localization because some segments were close in proximity. However, given the high degree of
accuracy of EWI, we believe that EWI used in conjunction with the 12-lead ECG may provide
increased accuracy in the diagnosis of arrhythmias.
Furthermore, current techniques such as electrocardiographic imaging (ECGI) have been suc-
cessful in non-invasively providing activation maps of arrhythmias at high spatial resolution, and
its use is growing in clinical seings. However, it can be cost and time inecient and can ex-
pose the patient to ionizing radiation because CT is required for anatomical information. ese
drawbacks limit the use of ECGI as a test for the average patient presenting for evaluation of
arrhythmia. In addition, unlike other imaging modalities that require in-depth user training and
experience for interpretation, the isochrones generated by EWI provide information in a clear
and easy-to-interpret manner for a general audience. is makes EWI a useful non-invasive tool
that can be easily applied in everyday clinical practice.
In summary, EWI provides clear anatomic visualization of the site of origin of arrhythmias
that could be used for pre-procedural planning. Catheter ablations are a proven treatment method
but have inherent risk. For instance, transseptal puncture has risk of stroke and bleeding, abla-
tion of APs near the AV node may cause heart block, and increased uoroscopy times can carry
complications from radiation exposure [37]. For catheter ablation, having knowledge of the ar-
rhythmia site of origin prior to the procedure start would be valuable information to be used in
discussions between the operating electrophysiologist and patient. EWI used as a clinical imag-
ing modality could aid in localization and diagnosis of arrhythmias, and improve discussion and
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shared decision making with patients about potential treatment options, planning, and risks.
Figure 5.12: Opportunities for EWI integration into the clinical workow, taken from [83]. is
gure shows the typical process of diagnosis and ablation of an arrhythmia (blue boxes) with po-
tential interfaces for EWI (green boxes) inserted into the workow. ICE = intracardiac echocar-
diography.
Finally, this Chapter’s ndings indicate that in addition to inside of the electrophysiology lab-
oratory, EWI may be useful outside of procedures. Opportunities for integration of EWI in the
clinical workow are shown in Figure 5.12. EWI could be used i) on rst clinic visit; ii) imme-
diately prior to the ablation as performed in this Chapter; iii) in conjunction with intracardiac
echocardiography (ICE) during the procedure; or iv) aer failed ablation aempts to re-localize
complex arrhythmias, and help determine the reason for failure by identifying changes to the
arrhythmia aer application of ablation lesions.
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Chapter 6
Demonstrate EWI’s ability to characterize
pacing conditions and quantify Cardiac
Resynchronizationerapy response
As shown in Chapter 5, EWI can be used as a valuable tool in an arrhythmic population for
localizing the arrhythmic source in both ventricles and atria prior to ablation. We will now shi
our interest towards another clinical application: heart failure (HF) and cardiac resynchronization
therapy (CRT).
Our group has established in the past that EWI successfully determined dierent pacing
origins from both ventricles in biologically and electrically paced canine hearts in vivo [162],
[47]. ese ndings result from an open-chest animal model. More recently, EWI was also
used in a closed-chest seing on heart failure patients. During an initial feasibility study, EWI
non-invasively characterized the transmural le bundle branch block (LBBB) sequence transtho-
racically and correctly identied the RV and LV pacing electrode locations in three patients
(N=3) [166]. Furthermore, EWI was shown capable of dierentiating responders (N=8) from
non-responders (N=8) retrospectively in a small clinical study of sixteen patients [33]. Never-
theless, both HF patient studies were limited to apical four-chamber views only; no other LV-
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focused echocardiographic views were acquired to beer capture the global underlying LBBB or
resynchronized CRT paerns, and response prediction was not aempted as the EWI scans were
acquired more than 1000 days post implantation [33].
In this chapter, 3D-rendered EWI is used to visualize and assess myocardial resynchroniza-
tion immediately aer a CRT device is implanted. rough these larger prospective studies, we
aim to demonstrate that EWI can be a valuable tool in the clinic for non-invasive assessment
and monitoring of patients undergoing CRT. Towards that goal, we will start by investigating
EWI’s ability to distinguish dierent biventricular pacing congurations in HF patients, assess
the change from ventricular dyssynchrony to resynchronization and visualize it in 3D (section
6.1). en, the following pilot study (section 6.2) will focus on a more clinically relevant chal-
lenge: quantifying the amount of resynchronized myocardium within 24 hours of implantation in
HF patients and determining whether it is predictive of CRT response, dened based on LV sys-
tolic function improvement at 3-, 6-, or 9-month follow-up. Finally, the last section will examine
the more recent His Bundle pacing therapy in a small proof of concept study by characterizing
the resulting novel ventricular activation paern and comparing it to normal physiological sinus
rhythm, as well as conventional biventricular pacing activation (section 6.3).
6.1 Distinguish dierent biventricular pacing conditions in
heart failure patients, assess the change in ventricular
dyssynchrony and visualize it in 3D
6.1.1 Abstract
Conventional biventricular (BiV) pacing cardiac resynchronization therapy (CRT) is an estab-
lished treatment for congestive heart failure (HF) patients. Yet, there are currently no direct
visualization tools available to guide doctors during lead placement in order to avoid scar tissue
and optimize pacing outcome. is study investigated the ability of EWI to not only distinguish
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three dierent pacing conditions (RV only, LV only and BiV) on 2D and 3D-rendered isochrones,
but also to characterize the resulting activation paern and quantify the change in ventricular
dyssynchrony. A total of sixteen HF patients, each in three dierent pacing conditions were
scanned transthoracically with EWI following their CRT device implantation. 3D-rendered elec-
tromechanical maps were obtained under the three pacing conditions for 10/16 cases, while for
the six remaining patients, analysis was performed on the available multi-2D isochrones. Mean
RV free wall and LV lateral wall activation times (RWAT, LWAT) were computed on the apical
4-chamber view, and on the 3D-rendered volumes for each pacing protocol. EWI isochrones suc-
cessfully mapped the dyssynchronous or synchronous activation paern of the ventricles and
visualized it in 3D. EWI was also shown capable of distinguishing the electromechanical activa-
tion in the three standard pacing protocols. In fact, both 2D and 3D LWAT were signicantly
dierent between all pacing conditions (p ≤ 0.05): LWAT with BiV CRT was lower compared to
LV pacing and RV pacing, respectively. Moreover, RWAT was the highest in LV pacing, while RV
and BiV pacing conditions resulted in similar values. ese ndings demonstrate that EWI could
be a valuable monitoring tool for clinicians to improve lead positioning upon CRT device implant,
as well as optimize the pacing vectors during the procedure and at follow-up if necessary.
6.1.2 Introduction
Conventional biventricular (BiV) pacing CRT was introduced in Chapter 2 as an established treat-
ment for congestive HF patients. Recently, other more novel CRT delivering approaches (e.g.,
MultiPoint, wireless or His Bundle pacing) have emerged in the clinic [185], [155], [142], [171],
[18], [71]. However, there are currently no direct visualization tools available to guide doctors
during lead placement in order to avoid scar tissue for instance. In this sub-section, we seek to
demonstrate that EWI could be a valuable monitoring tool for clinicians to potentially improve
lead positioning upon CRT device implant. As previously mentioned, initial feasibility of EWI
was shown on three heart failure patients to characterize the LBBB paern and localize the earli-
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est electromechanical activation spot, satisfyingly correlated with the location of the appropriate
electrodes during pacing [166].
is larger study aims to further investigate the ability of EWI to not only distinguish three
dierent pacing conditions (RV only, LV only and BiV) on 2D and 3D-rendered isochrones, but
also quantify the change in ventricular dyssynchrony. To achieve this goal, EWI was used to scan
LBBB heart failure patients within 24 hours of their CRT implant procedure in three dierent
pacing schemes and four standard apical views each. For quantication purposes, we used the
LWAT metric introduced in [33] on 2D apical four-chamber views, adapted it to the RV free
wall leading to a new RWAT metric, and nally applied both metrics for the rst time to our
3D-rendered maps.
6.1.3 Methods
Patient Population and Study Design
e human subject study protocol was approved by the Institutional Review Board of Columbia
University, and informed consent was obtained before all procedures described herein. Patients
presenting to the Columbia University Medical Center cardiac electrophysiology laboratory for
CRT device implant procedures were recruited. Sixteen (N=16) patients, each in three dierent
pacing conditions (RV only, LV only and BiV), were scanned transthoracically with EWI by a
trained sonographer in the post-procedural area within 24 hours of their implant procedure. All
patients but six were successfully imaged in all four standard apical echocardiographic views
required for generation of the 3D-rendered isochrones, while for the remaining six, at least the
four-chamber view was obtained. is was either due to time constraints, patient intolerance
and discomfort or poor acoustic window for one, two, or three of the other views. In our sixteen
patients cohort, ages ranged from 46 to 100 years old (median 73) and 81% were male. Mean LVEF
prior to implantation was 23.9 ± 7.1%. Out of the sixteen CRT devices implanted, 6 were from
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Boston Scientic (Boston Scientic Corp., Marlborough, MA, USA), 7 from Medtronic (Medtronic
Inc., Minneapolis, MN, USA) and 3 from St Jude Medical (Abbo Medical, St. Paul, MN, USA).
Evaluation Metrics
EWI processing was performed as previously described (Chapter 3). 2D isochrones were created
for all patients (n=16), and 3D-rendered isochrones were generated for ten of them (n=10).
Figure 6.1: antication of the mean le and right wall activation times. (a) On the 2D apical
four-chamber view isochrone; (b) On the 3D-rendered isochrone. LWAT = mean LV lateral wall
activation time, RWAT = mean RV free wall activation time.
As illustrated by gure 6.1, mean LV lateral wall activation times (LWAT) and RV free wall
activation times (RWAT) were quantied in 2D by averaging the corresponding pixels activa-
tion times on the apical 4-chamber view isochrones for each patient and each pacing protocol.
Selection of the 2D region of interests (Fig.6.1-a) was manually performed based on anatomical
structures observed on the B-mode images [33]. Similarly, we also computed the mean activa-
tion times from the 3D-rendered isochrones, but on the entire right and le ventricular walls this
time (Fig.6.1-b). In this case, the 3D-rendering algorithm [141] automatically splits the volume
into three parts (RV free, septal and LV lateral walls) without requiring any manual input, and
the means are measured on the voxels activation times.
Statistical Analysis
Data presented in this section are expressed as mean ± standard deviation. To evaluate whether
EWI was capable of dierentiating the biventricular pacing conditions, we performed repeated
104
6.1. VENTRICULAR DYSSYNCHRONY VISUALIZATION IN BIV PACING SCHEMES
measures one-way ANOVA on the LWAT and RWAT metrics across the three dierent pacing
conditions, in 2D as well as for the 3D-rendered isochrones. When ANOVA showed signicant
dierences, pair-wise comparisons between means followed, with post-hoc analysis by Holm-
Sidak’s multiple comparisons testing.
All statistical analyses were executed using Prism 8 (GraphPad Soware, San Diego, CA, USA)
and the null hypothesis was rejected at the 0.05 level. roughout this chapter, the “F” value in
respect to the associated degrees of freedom is provided with the p-value adjusted to the corrected
multiple tests. e signicance levels correspond to : * p ≤ 0.05 , ** p ≤ 0.01, *** p ≤ 0.0005 and
**** p ≤ 0.0001.
6.1.4 Results
An illustrative case of a heart failure patient in the three dierent pacing conditions is shown on
Fig.6.2 with both 2D and 3D-rendered isochrones. In RV pacing only (Fig.6.2-a), we notice that the
earliest activated region in red agrees with the location of the endocardial lead at the RV apex, as
clearly seen on the 4- and 3.5-chamber view isochrones. Figure 6.3 displays the apical 4-chamber
view B-mode of the same HF patient as in Fig.6.2 in RV pacing with the manual ventricular
myocardial segmentation outlined in black, alongside the resulting RV-pacing only isochrone
overlaid onto the same still frame of the anatomical B-mode. e B-mode clearly depicts the
bright echogenic region inside the RV cavity that corresponds to the position of the endocardial
RV apex lead, matching with the location of the early activated region on the isochrone in red.
On the 3D-rendered isochrones, it is harder to visualize the position of the lead since the early
activated area lies within the RV cavity (Fig.6.2-a). In contrast the LV activates very late, mostly
appearing in blue, as expected due to the underlying LBBB paern. Besides in LV pacing only
(Fig.6.2-b), we similarly obtain a dyssynchronous activation paern, but now the isochrone colors
are reversed with early red activation in the LV and late blue activation in the RV. Once again, the
earliest spot satisfyingly corresponds to the epicardial pacing lead location on the LV lateral wall,
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Figure 6.2: Ventricular 2D isochrones in the four apical views and resulting 3D-rendered
isochrones of an 89-year-old male with heart failure and LBBB. (a) In RV pacing only; (b) In
LV pacing only; (c) In his CRT BiV pacing seings. LWAT = mean LV lateral wall activation time,
RWAT = mean RV free wall activation time.
as best illustrated by the 3.5-chamber isochrone. Finally, in BiV pacing (Fig.6.2-c), we observe the
most homogeneously early activated paern, with a predominance of red for both ventricles. e
ventricles are now resynchronized thanks to the CRT implant.
More quantitatively, we analyzed the mean le and right activation times collected on our
entire patient population. LWAT in BiV pacing (2D: 73.1±17.6 ms, 3D: 78.3±13.0 ms) were found
to be lower compared to LV (2D: 89.5± 21.5 ms, 3D: 87.9± 14.5 ms) and RV pacing (2D: 120.3±
17.8 ms, 3D: 122.1 ± 15.5 ms). RWAT were the highest in LV pacing (2D: 106.6 ± 18.2 ms, 3D:
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Figure 6.3: Apical four-chamber view of a HF patient in RV pacing only. Le: B-mode with
the manual ventricular myocardial segmentation outlined in black; Right: ventricular isochrone
overlaid onto the anatomical B-mode.
99.8±19.6 ms), while the RV (2D: 73.8±18.8 ms, 3D: 84.7±18.8 ms) and BiV (2D: 79.3±23.0 ms,
3D: 87.3± 22.2 ms) pacing conditions resulted in more similar RWAT values. e corresponding
bar plots can be found on Figure 6.4 for easier visualization of the LWAT/RWAT trends. Both
2D and 3D LWAT, derived from the apical 4-chamber view isochrone and 3D-rendered isochrone
respectively (Fig.6.1-a and -b), were able to signicantly dierentiate the 3 pacing conditions from
one another (p ≤ 0.05). Additionally, 2D RWAT was signicantly dierent between LV pacing
and the other two conditions (p ≤ 0.01). However, 3D-rendered RWAT could not signicantly
dierentiate the three pacing conditions, despite exhibiting a similar trend in RWAT values across
the pacing schemes as in 2D.
6.1.5 Discussion
In this study, EWI was shown capable of characterizing three dierent pacing conditions (RV
only, LV only and BiV) in a cohort of sixteen heart failure patients. EWI isochrones successfully
mapped the dyssynchronous or synchronous activation paern of the ventricles and visualized
it in 3D (Fig. 6.2). Moreover for each pacing scheme, the location of the earliest electromechan-
ical activation seen on the isochrones successfully originated from the location of the pacing
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Figure 6.4: 2D and 3D mean le/right wall activation times in the three dierent pacing condi-
tions (mean ± standard deviation). Repeated measures one-way ANOVA followed by post-hoc
analysis with Holm-Sidak’s multiple comparisons: * p ≤ 0.05 , ** p ≤ 0.01, *** p ≤ 0.0005 and
**** p ≤ 0.0001.
electrodes, as illustrated on gure 6.3 for the example of RV pacing only.
Additionally, both 2D and 3D LWAT evaluation metrics, derived from the apical 4-chamber
view isochrone and 3D-rendered isochrone respectively, were found to be signicantly dierent
(p ≤ 0.05) in all three pacing conditions (Fig.6.4). On the other hand, 2D RWAT was proven
capable of signicantly distinguishing LV pacing from the other two conditions (p ≤ 0.01), while
3D-rendered RWAT did not (Fig.6.4). Yet, both 2D and 3D metrics did exhibit similar trends across
the three pacing groups, with RWAT values being the highest in LV pacing compared to the two
other conditions. Meanwhile since the RV was being paced for both RV and BiV pacing modes,
this lead to comparable shorter RWAT values. Several factors might have played a role in the
absence of signicance for the 3D-rendered RWAT metric. First, the n-number was lower, which
could potentially justify the fact that signicance wasn’t achieved when performing the statistical
analysis. Besides when measuring the 2D RWAT, we aren’t assessing a global paern nor taking
into account the anterior and posterior RV walls on the apical four-chamber view, but simply
focusing on a very limited region of the RV free wall. e laer is perhaps overly aected locally
by the endocardial RV pacing lead as compared to the entire RV myocardium in the 3D-rendering,
and therefore might not be representative of the overall RV behavior. Alternatively, 2D RWAT
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might be accurately more sensitive than the 3D-rendered metric, which could have been heavily
impacted by the averaging eect on larger volumetric regions, resulting in excessive smoothing
of the activation times and hence, loss of signicance.
Another limitation lies in the fact that we are mapping a 3D propagation phenomenon while
relying exclusively on multi-2D imaging planes. is sometimes leads to limited spatial resolu-
tion of the 3D-rendered isochrones due to under-sampling with only four 2D slices. Our group
recently investigated the eect of multi-2D sampling in an LV-paced canine study by considering
additional imaging planes with a robotic arm, leading to a total of up to 12 evenly spaced apical
slices (Chapter 3 section 3.3, [83]). However, increasing the number of multi-2D slices acquired
improved imaging spatial resolution at the expense of prolonging EWI scan durations. Never-
theless, contrary to when studying localized behaviors or trying to pinpoint an arrhythmia focus
that might fall between two of the four standard apical slices (Chapter 5 studies, [134], [83]),
global heart failure paern and ventricular ressynchrony assessment should be less impacted by
the sampling eect of the 2D echocardiography slices. Future studies using true 3D volumetric ul-
trasound imaging could avoid this under-sampling issue and map the electromechanical activity
in all four chambers in a single heartbeat. is has already been shown feasible by our group in
open-chest canines in sinus rhythm, LV pacing, and ventricular tachycardia [82]. In this proof of
concept study, the 32x32 matrix array was also used in a clinical seing to successfully image the
entire heart of a healthy volunteer in sinus rhythm, as well as the ventricles of one CRT patient
during both RV pacing only and BiV pacing.
Finally, given that we only included LBBB patients in our HF population, who otherwise did
not have any right-sided conduction abnormality at baseline, we will focus solely on the LWAT
metric for response assessment in the next study. In fact, the main purpose of the implanted CRT
device is to resynchronize the le side with the right. us, we will mostly conduct EWI analyses
on the LV. Furthermore, from now on when mentioning LWAT in this chapter and the sections
below, we will always be referring to the metric derived from the 3D-rendered EWI isochrones.
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6.2 antify the amount of resynchronizedmyocardiumwithin
24 hours of implantation in heart failure patients and
determine whether it is predictive of CRT response
6.2.1 Abstract
Cardiac resynchronization therapy (CRT) response assessment relies on the QRS complex nar-
rowing criterion on the clinical 12-lead ECG. Yet, a third of patients do not improve despite nar-
rowed QRS post-implantation. Electromechanical Wave Imaging (EWI) is a functional echocar-
diography technique capable of assessing ventricular dyssynchrony and visualizing it in 3D. is
study sought to investigate whether EWI could quantify the amount of le ventricular resyn-
chronized myocardium on the day of the device implantation and predict the clinical outcome
and CRT response at 3-, 6-, or 9-month follow-up. irty-eight heart failure patients with le
bundle-branch block or right-ventricular paced rhythm and decreased le ventricular ejection
fraction (LVEF = 25.3 ± 9.6%), underwent EWI without and with CRT within 24 hours of de-
vice implantation. QRS durations were measured for all patients on the clinical 12-lead ECGs in
both cases. Improvement in LVEF at follow-up dened: (i) super-responders (∆LVEF ≥ 20%);
(ii) responders (10% ≤ ∆LVEF < 20%); and (iii) non-responders (∆LVEF ≤ 5%). 3D-rendered
electromechanical maps were obtained for both without and with CRT conditions. e percent-
age of resynchronized myocardium (%RMLV ) was measured by quantifying the percentage of
LV activated within 120 ms of QRS onset in each conguration. Correlations between %RMLV
and the type of CRT response were assessed. Retrospective analysis showed that the %RMLV
metric with CRT was a reliable response predictor within 24 hours of implantation over clini-
cal standards for signicantly (p = 0.0171) identifying super-responders (97.7 ± 1.9%) from non-
responders (89.9 ± 9.9%). Meanwhile, QRS durations post-CRT were not informative, but the
before/aer dierence in QRS width (∆QRS) was signicantly dierent (p≤0.05) between non-
responders and super-responders. Electromechanical activation mapping constitutes a valuable
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3D visualization tool within 24 hours of implantation and could potentially aid in the timely as-
sessment of CRT response rates, including during implantation for adjustment of lead placement
and pacing outcomes.
6.2.2 Introduction
As previously described in Chapter 2, Cardiac Resynchronization therapy is an established treat-
ment for congestive HF patients who have LBBB, as well as a reduced ejection fraction (LVEF ≤
35%) and a prolonged QRS duration (≥ 120 ms) [79]. However, it is still not well understood why
30 to 40% of CRT recipients do not respond [24], [13]. At this time, there are unfortunately no
reliable parameters predictive for a benecial response. In fact, immediate response assessment
in the clinic currently relies on a narrowed QRS aer implant. Yet, this is only predictive of re-
sponse for two thirds of the patients [220], [196]. erefore, we are still in need of a more precise
and reliable response assessment metric.
Results from the previous study (section 6.1) suggest that EWI has the potential to be used as
a real time feedback tool by the operating electrophysiologists during the CRT implant procedure
for more patient-specic treatment. e clinicians could rely on critical information provided by
EWI in order to optimize placement, seings, pacing vectors and thus, potentially ensure beer
response rates. Moreover, our group has shown in the past how EWI can successfully dierentiate
responders from non-responders on four-chamber view isochrones retrospectively [33].
In this section, we seek to examine through a prospective pilot study the ability of EWI to
assess myocardium resynchronization immediately aer a CRT device is implanted. Towards
that goal, we scanned LBBB heart failure patients with EWI within 24 hours of their procedure
at baseline and with CRT. We derived a new evaluation metric from the 3D-rendered ventricular
isochrones on the day of implant, called percentage of resynchronized myocardium, and aimed
to determine whether it could accurately predict CRT response, dened based on LV systolic
function improvement at 3-, 6-, or 9-month follow up.
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6.2.3 Methods
Patient Population and Study Design
Forty-ve (N=45) heart failure patients with LBBB and decreased LVEF presenting to the Columbia
University Irving Medical Center cardiac electrophysiology laboratory for CRT device implant or
dual pacemaker to CRT upgrade procedures were recruited for this study. e Columbia Univer-
sity Institutional Review Board approved this protocol before initiation of any research activities.
All patients were scanned by a trained sonographer in the post-procedural area within 24 hours
of their implant procedure. EWI was performed in the four apical views and the acquisitions
were taken in two dierent congurations: without and with CRT. e without CRT or base-
line scans were acquired in the patient’s presenting rhythm: either sinus rhythm with LBBB and
their devices o, i.e., ”Atrial Sensed Ventricle Sensed” (ASVS), or in chronic RV pacing (under-
lying rhythm still LBBB) if they previously had an RV lead dual chamber pacemaker and were
pacer-dependent. As for the EWI scans with CRT, their device was set to the optimized biven-
tricular CRT seings, determined by the implanting cardiac electrophysiologist and dened as
the most narrowed QRS obtained during device interrogation. Additionally, QRS durations were
measured and collected from the 12-lead ECGs before and aer the CRT implant procedure.
Seven of the forty-ve imaged patients were excluded from the EWI analysis: three had poor
echocardiographic acoustic windows preventing us from acquiring any data, two had frequent
ectopic Premature Ventricular Contractions (PVCs) on their baseline electrocardiogram (ECG) at
the time of the EWI scans and two were excluded for clinical reasons (one diseased before follow-
up, one had a prosthetic mitral valve aecting EWI strains). It is worth mentioning that ten
cases out of the remaining thirty-eight patients were also previously scanned in dierent pacing
conditions and included in section 6.1’s study population. e enrolled and excluded patients are
detailed in a population breakdown owchart (Appendix B.1, Figure B.1). For the resulting cohort
of thirty-eight (N=38) patients included for analysis in this response prediction study, ages ranged
from 46 to 100 years old (median 74) and 76% were male. Mean LVEF at baseline pre-CRT was
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Total number of patients (N=38)
Age (years) Range: 46-100Median: 74
Gender Male: 29 (76 %)Female: 9 (24 %)
Cardiomyopathy Ischemic: 22 (58 %)Nonischemic: 16 (42 %)
Rhythm at baseline LBBB or ”ASVS”: 20 (53 %)RV pacing: 18 (47 %)
Device brand
Boston Scientic: 20 (53 %)
Medtronic: 16 (42 %)
St Jude Medical: 2 (5 %)
QRS at baseline 158.9± 31.8 ms
QRS with CRT 141.8± 22.3 ms
LVEF pre-CRT 25.8± 9.7 %
LVEF post-CRT 31.8± 14.2 % *
Table 6.1: Characteristics of the heart failure LBBB patient cohort undergoing CRT. QRS and
LVEF are reported as mean ± standard deviation. * Mean LVEF post-CRT was computed on
30/38 patients since 8 patients were lost to follow-up.
25.8± 9.7 %. e patient demographics and clinical characteristics are all detailed in Table.6.1.
All patients but three were successfully imaged in all four apical views, while for the re-
maining three, we were able to acquire at least the apical four-chamber view. Furthermore, this
patient population had signicant co-morbidities such as cardiomegaly (heart enlargement) or
chronic obstructive pulmonary disease (COPD). In these cases for which the enlarged hearts did
not entirely t in the EWI eld of view, two separate four-chamber views were acquired: one
LV-focused and one RV-focused. EWI processing was performed as previously described.
Finally, the patient cohort was retrospectively split into three CRT response subgroups de-
ned based on LVEF improvement at 3-, 6-, or 9-month follow-up relative to the corresponding
pre-implant values. Improvement of 20% dened super-responders (∆LVEF≥ 20%), absolute 10%
increase otherwise dened responders (10% ≤ ∆LVEF < 20%), while unchanged or decreased
LVEF dened non-responders (∆LVEF ≤ 5%).
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Evaluation Metrics
In the previous section’s Discussion, we explained the averaging eect limitation of the LWAT
metric. Instead of smoothing out our evaluation on the 3D-rendered isochrones, we want to
consider every single voxel’s contribution and this is why we introduce another metric ”%RM”,
complementary to LWAT. In that case, if there are outliers or big disparities in the isochrones
activation times, they won’t be evened out by averaging. erefore, on top of measuring the mean
LV lateral wall activation times (LWAT) on the 3D-rendered isochrones as in the previous study
(section 6.1), we also derived the percentage of resynchronized myocardium (%RM), which was
dened as the number of voxels that have activation times below 120 ms over the total number
of voxels, as displayed by the 3D-rendered maps in gure 6.5. e 120 ms value was arbitrarily
chosen based on usual clinical standards for ”normal” QRS durations threshold, oen used as a
CRT selection criteria for HF patients with LBBB and prolonged QRS complexes [208], [99].
is %RM metric can either be computed on the entire biventricular 3D-rendering (%RM tot)
or focusing only on the 3D-rendered LV, septum included (%RMLV ). In this study, we were
Figure 6.5: antication of the percentage of resynchronized myocardium (%RM)
interested in quantifying how successful the CRT implant was in resynchronizing the le side
with the right. us, we focused only on the %RMLV metric since all patients recruited had
either LBBB or chronic RV pacing at baseline and we did not expect the RV free wall voxels to
undergo major activation changes post-CRT. We also derived the dierence in %RMLV between
with CRT and before/without CRT (∆%RM). Similarly, for the cases during which we couldn’t
acquire all four views or had to split the apical 4-chamber into two separate views, %RMLV was
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computed on the 2D slices. In those cases, %RM quantication was performed on the pixels of all
available 2D isochrone views, instead of the 3D-rendered voxels. e corresponding equations
are displayed below:
%RMLV =
number of voxels with activation time ≤ 120ms
total number of voxels
∗ 100
∆%RMLV = %RMLV (CRT ) −%RMLV (baseline)
Statistical Analysis
Data presented in this study are expressed as mean± standard deviation. To assess the evolution
and characterize the patients’ response within 24 hours of implantation, we performed the fol-
lowing paired tests (from baseline to with CRT): i) Student’s t-test on QRS durations and LWAT,
and ii) non-parametric Wilcoxon signed-rank test on %RMLV values. We also sought to determine
whether we were able to predict CRT response in 38 patients within 24 hours of their implant
procedure and validate it at 3-, 6-, or 9-month follow-up time-points. Towards that goal, we per-
formed the following tests on the three response subgroups (super-responders, responders and
non-responders for both baseline and with CRT measures): i) one-way ANOVA on QRS durations
and LWAT, and ii) non-parametric Kruskal-Wallis on %RMLV values.
All statistical analyses were executed using the Prism 8 GraphPad soware and the null hy-
pothesis was rejected at the 0.05 level. In the case of signicance with ANOVA and Kruskal-Wallis,
pair-wise comparisons followed with post-hoc analysis by i) Tukey’s multiple comparisons test-
ing on QRS and LWAT, and ii) Dunn’s multiple comparisons on %RMLV , respectively.
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6.2.4 Results
Visualizing and quantifying CRT response from baseline to with CRT
2D isochrones were created for all patients in both baseline and with CRT congurations, and
3D-rendered isochrones were generated whenever possible. Figures B.2 and B.3 in Appendix B.1
illustrate the CRT responses of two HF patients with LBBB: an 82-year-old and a 66-year-old man
respectively. e heart failure patient in Fig.B.2, scanned in his ASVS baseline conguration and
with CRT within 24 hours of his implant procedure, was found to be a good responder with a
15% increase in ejection fraction at 3-month follow-up. In Fig.B.2-b, one can visualize homoge-
neously early (red) activated ventricles that have replaced the LBBB dyssynchronous activation
paern (late activated LV in blue) displayed on the 3D-rendered isochrones in Fig.B.2-a. Both
LWAT decrease (116 to 56 ms) and %RMLV improvement (78 to 100%) from baseline to with CRT
successfully quantied the patient response within 24 hours of his implant procedure. On the
other hand, the patient in Fig.B.3 was scanned in his RV pacing baseline and with CRT on his
implant day. He was found to be a non-responder as we did not witness any changes in his LVEF
that remained stable at 20-25% at his 3-month follow-up. Our EWI-based metrics eectively con-
rmed he was a non-responder by revealing very minor changes between the two scans (Fig.B.3-a
and -b): 22 ms decrease in LWAT and only 9% increase in %RMLV . In fact, the 3D-rendered ven-
tricular isochrones still display a predominance of late activated regions in blue in the LV despite
CRT (Fig.B.3-b). is ventricular dyssynchronous activation paern can easily be visualized on
the %RM binary images on the far right, contrary to the responder patient from Fig.B.2-b whose
%RM map with CRT did not display any red voxel.
Additionally, representative examples of three other heart failure patients scanned with CRT
a few hours aer their implant are displayed in Fig.6.6. e three patients had similar baseline
LVEF around 25% and all saw a reduction in QRS duration with CRT. alitatively, we note that
the red or early activation times on the maps of Patient 3 (Fig.6.6-c) are predominant. Patient 2
exhibits early activated resynchronized regions in the LV with still some dispersed later activated
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areas (Fig.6.6-b), while the ventricular isochrones of Patient 1 (Fig.6.6-a) display the most blue or
latest activation times. ese 3D-rendered EWI results establish that the ventricles of Patient 3 are
well resynchronized with CRT and suggest he is most likely a responder. Besides, Patient 2 could
also be a responder, while Patient 1 would probably be a non-responder. is can also clearly be
seen with the LWAT values under CRT: 80 ms with only 13 ms improvement from baseline, 83
ms with a gain of 22 ms and 74 ms with 38 ms increase for patients 1, 2 and 3 respectively. e
higher LWAT values for Patients 1 and 2 illustrate that despite CRT, the LV still takes longer to
activate overall, and resynchrony with the RV is not achieved as well as for Patient 3.
Figure 6.6: 3D-rendered ventricular isochrones for three LBBB heart failure males with CRT
within 24 hours of their implant. (a) Patient 1 – non-responder: 65-year-old; (b) Patient 2 –re-
sponder: 89-year-old; (c) Patient 3– super-responder: 64-year-old. LWAT were computed on the
3D-rendered isochrones.
117
6.2. CRT RESPONSE PREDICTION WITHIN 24 HOURS OF IMPLANTATION
More quantitatively, the %RMLV within 24 hours of implant is lower at only 88% for Patient
1, compared to 95% for Patient 2 and a very satisfying value of 98% for Patient 3 (Fig.6.6). In
addition, the improvement in %RMLV (∆%RMLV ) is larger for Patient 3 with a 24% increase,
compared to 16% and only 11% for Patient 2 and 1 respectively. ese ndings are satisfactory,
since our response assessments were retrospectively conrmed by the LVEF values at the three
patients follow-up visits. Patient 1 did not see any change in LVEF with a stable 25-30% range and
was deemed to be a non-responder. Patient 2 saw an increase in LVEF from 20-25% to 35-40% and
was classied as a responder, while Patient 3 experienced a larger improvement in LVEF from 20-
25% to 40-45%. e laer further increased at 6-month follow-up reaching 55-60%, making him a
super-responder. erefore, %RMLV seems to be a promising metric for CRT response prediction.
Prediction of CRT response: comparing QRS durations to EWI metrics
CRT response prediction capabilities with EWI-based metrics against standard clinical QRS du-
rations were evaluated on 30/38 patients, for which we were able to retrieve LVEF values at 3-,
6-, or 9-month follow-up. For these thirty patients, the rhythm at their EWI baseline scans was as
follows: 17 in ASVS vs 13 in RV pacing. e mean time from implantation to follow-up was 6.22
± 3.72 months. e resulting split into CRT response category subgroups (7 super-responders, 6
responders and 17 non-responders) alongside the associated characteristics at both baseline and
post-CRT are shown in Table 6.2.
None of the statistical tests performed on the clinical and EWI-based metrics at baseline found
signicant dierences across the three response subgroups (Fig. 6.7). Yet, the QRS clinical metric
before CRT implantation did show a downward trend from super-responders (with the widest
QRS durations at baseline) to non-responders (narrowest). Moreover, all before vs aer CRT
paired tests performed for the three response subgroups on QRS, LWAT and %RMLV (Appendix
B-1, Figure B.4) were found to be signicant (p ≤ 0.05), except for the QRS durations of the
non-responders that were not signicantly shortened with CRT (Appendix B-1, Figure B.4-a),
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Figure 6.7: Clinical and EWI-based CRT prediction metrics at baseline in the 3 response sub-
groups (mean ± standard deviation): (a) QRS durations; (b) LWAT; and (c) %RMLV . One-way
ANOVA followed by post-hoc analysis with Tukey’s multiple comparisons for QRS and LWAT.
Non-parametric Kruskal-Wallis followed by post-hoc analysis with Dunn’s multiple comparisons
on %RMLV . SUPER = super-responders, RESP = responders, NON RESP = non-responders.
and the %RMLV of the responders that did not signicantly increase with CRT (Appendix B-1,
Figure B.4-c). Another way of visualizing the before vs aer CRT evolution is by measuring the
changes in the prediction metrics values from baseline to post-CRT. e corresponding ∆ values
resulting from the before/aer dierences are displayed in Figure 6.8. In this case, the EWI-based
metrics were inconclusive, while ∆QRS did demonstrate a clear trend with absolute delta values
decreasing from super-responders (with the biggest before vs aer dierence) to responders and
Patients included in response predictions (N=30)
Super-responders Responders Non-responders
7 6 17
LVEF (%) Pre-CRT 26.8 ± 5.9 27.1 ± 10.5 24.1 ± 8.4
Post-CRT 51.1 ± 5.0 39.2 ± 9.8 22.6 ± 9.3
QRS (ms) Baseline 182.0 ± 20.9 165.7 ± 17.3 150.0 ± 35.7
With CRT 144.6 ± 19.3 139.0 ± 13.6 142.2 ± 25.1
LWAT (ms) Baseline 108.3 ± 11.9 102.8 ± 27.9 112.6 ± 17.9
With CRT 70.6 ± 6.0 71.8 ± 9.0 78.1 ± 12.5
%RMLV (%) Baseline 77.4 ± 7.8 77.8 ± 18.4 66.2 ± 15.3
With CRT 97.7 ± 1.9 93.7 ± 5.2 89.9 ± 9.9
Table 6.2: Clinical standards and EWI metrics for CRT prediction by response category sub-
group. LVEF, QRS, LWAT and %RMLV are reported as mean± standard deviation. 30/38 patients
included since 8 patients were lost to follow-up.
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non-responders (smallest QRS shortening). Additionally, one-way ANOVA analysis with Tukey’s
multiple comparisons found a signicant dierence in QRS durations evolution (∆QRS) between
super-responders and non-responders (p=0.0209).
Finally, further statistical analysis on post-CRT metrics values across the three response sub-
groups lead to interesting ndings (Fig.6.9). %RMLV with CRT was found to be capable of sig-
nicantly distinguishing super-responders from non-responders (p = 0.0171) within 24 hours of
device implantation (Fig.6.9-c), contrary to the current clinical standard QRS metric. In fact,
based on QRS durations post-CRT alone there was no distinct trend between the three subgroups
(Fig.6.9-a); super-responders and non-responders had similar QRS values with CRT post implant
(Table 6.2). On the other hand, %RMLV values exhibited a clear downward trend from super-
responders having the highest percentage of resynchronized myocardium, followed by the re-
sponders and lastly non-responders with the lowest %RMLV values (Fig.6.9-c and Table 6.2).
6.2.5 Discussion
is prospective pilot study, performed in a population of forty-ve heart failure patients with
decreased LVEF and either LBBB or chronic RV pacing, reports the use of 3D-rendered EWI in
the clinic for non-invasively assessing and predicting myocardial resynchronization immediately
aer a CRT device is implanted. Seven patients had to be excluded from the cohort of interest due
to imaging, ECG or clinical reasons (Appendix B.1, Figure B.1), and EWI analysis was conducted
on the remaining 38 cases.
3D-rendered EWI was hereby proven to satisfyingly visualize and quantify the amount of ven-
tricular resynchronized myocardium on the implantation day. Shorter LWAT and higher %RMLV
both successfully assessed and informed CRT response, as seen in Fig.6.6 and in Appendix B-1,
Figures B.2 and B.3. CRT response prediction capabilities were then evaluated on the 30/38 pa-
tients for which we were able to retrieve LVEF values at clinical follow-up: 7 super-responders,
6 responders and 17 non-responders. First, the clinical QRS durations prediction metric before
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Figure 6.8: Changes in clinical and EWI-based CRT prediction metrics from baseline to post-
CRT in the 3 response subgroups (mean ± standard deviation): ∆QRS durations, ∆LWAT and
∆%RMLV . e ∆ values were computed by measuring the dierences between post-CRT metrics
and baseline metrics. One-way ANOVA followed by post-hoc analysis with Tukey’s multiple
comparisons was performed across the response groups for each of the three metrics: * p ≤ 0.05.
Figure 6.9: Clinical and EWI-based CRT prediction metrics within 24 hours of implantation in
the 3 response subgroups (mean ± standard deviation): (a) QRS durations; (b) LWAT; and (c)
%RMLV . One-way ANOVA followed by post-hoc analysis with Tukey’s multiple comparisons
for QRS and LWAT. Non-parametric Kruskal-Wallis followed by post-hoc analysis with Dunn’s
multiple comparisons on %RMLV : * p ≤ 0.05. SUPER = super-responders, RESP = responders,
NON RESP = non-responders.
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CRT showed a downward trend across the three response groups: from super-responders to non-
responders (Fig.6.7-a). In fact, the widest the initial QRS prior to implantation was at baseline,
the best the clinical response was at follow-up. Furthermore, when examining the before vs aer
CRT paired t-tests on QRS for the three response groups, we witnessed a decrease in signicance
from super-responders (p ≤ 0.005), to responders (p ≤ 0.05), and nally an absence of signi-
cance for the non-responders (Appendix B-1, Fig.B.4-a). Similarly, this was observed through QRS
shortening from baseline to post-CRT (∆QRS), which was more pronounced in super-responders
compared to responders and non-responders (Fig.6.8), while the actual QRS durations with CRT
were about the same across all three groups (Fig.6.9-a). ∆QRS was indeed found capable of sig-
nicantly (p=0.0209) dierentiating super-responders from non-responders (Fig.6.8). ese QRS-
based predictions in our cohort, for both duration values at baseline and changes from baseline
to post-CRT, satisfyingly agree with previous ndings from other clinical studies [158], [27].
Another element noticeable on the before vs aer paired tests is the highest signicance for
the %RMLV values in the non-responders group, compared to the super-responders (Appendix B-
1, Fig.B.4-c), which might be surprising at rst especially in contrast to the QRS behavior (Fig.B.4-
a). However, this can be explained by the fact that at baseline, %RMLV for non-responders is con-
siderably lower (Fig.6.7-c). us, despite having the biggest improvement (∆%RMLV ) from before
to aer CRT (Fig.6.8), the nal %RMLV value with CRT is still lower (ventricles less resynchro-
nized) than for responders and super-responders (Fig.6.9-c). Lastly, retrospective analysis showed
that the EWI-based %RMLV metric with CRT computed within 24 hours of implantation was a
reliable CRT response predictor at 3-, 6-, or 9-month follow-up by signicantly (p=0.0171) distin-
guishing non-responders from super-responders (Fig.6.9-c). ese ndings indicate that EWI has
the potential to be used in heart failure patients as a 3D visual feedback tool by the treating physi-
cians before, during and aer CRT implant procedures in conjunction with QRS narrowing on
the clinical ECGs. Hence, the operating electrophysiologists could adjust lead placement and/or
pacing conditions appropriately to conceivably further improve re-synchrony and increase the
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%RMLV values in the cases of non-responders.
Nevertheless, there were a few inherent limitations to this study. A rst clinical limitation
results from the presence of PVC beats at the time of some EWI scans. In fact, ectopy is common in
advanced heart failure patients. Since accurate temporal co-registration of the four 2D isochrone
slices and generation of the 3D-rendered EWI maps rely on the presence of the rhythm of interest
during ultrasound acquisition in each view, this gave rise to one of our patient exclusion criteria. If
all four apical views did not consistently have the same non ectopic rhythm of interest at baseline,
the patient was not included in analysis. Yet, this was only the case in 2 of the 45 recruited patients
in this study.
Moreover, a technical limitation arises from the strong dependence of EWI on high quality
echocardiography imaging. e scans should encompass and clearly visualize the entire my-
ocardium of interest for EWI processing to be applied and ventricular isochrones to successfully
be generated. is was all the more challenging in this particular heart failure patient cohort sub-
ject to cardiomegaly and LV cavity enlargement. Out of the 7 patients excluded from the study,
3 were discarded due to poor echocardiographic acoustic windows. Besides even with B-modes
of satisfactory quality, 4/38 included patients had severely enlarged hearts that both ventricles
did not t in the apical four-chamber 90-degree eld of view. In these cases, acquiring two sep-
arate apical 4-chamber views (one LV-focused and one RV-focused) as previously mentioned in
the Methods, enabled us to derive our evaluation metrics and quantify them on the multi-2D
activation maps, despite not being able to generate the actual 3D-rendered volumes.
Finally, the study design also entails some limitations. is paper presents a single center
study from a referral center and our heart failure patient population is a selected one. Our re-
sults may not be applicable or generalizable to all HF patients undergoing CRT, such as atrial
brillation patients. A relevant next step for future work would be to perform additional double-
blinded prospective studies to further validate the predictive value of our technique. We would
blindly predict CRT response within 24 hours of implant with our EWI-based %RMLV metric,
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while electrophysiologists would blindly make their predictions by assessing the post-implant
12-lead ECGs. Both predictions performed would then be compared to each other and validated
against LVEF evolution at 3-, 6-, or 9-month follow-up. In future research, we should also consider
including a larger patient population and reiterating the EWI scans at clinical follow-up within
a longitudinal study. By comparing the follow-up scan results to the initial EWI acquisitions, we
would assess %RMLV evolution from the day of implantation, and explore whether it could po-
tentially be representative of CRT-induced reverse LV remodeling and improved function across
the dierent response subgroups [77].
6.3 Characterize ventricular activation resulting from His
Bundle pacing, dierentiate it from conventional biven-
tricular pacing and compare it to normal sinus rhythm
6.3.1 Abstract
His Bundle pacing is a more recent method for delivering cardiac resynchronization therapy
(CRT), compared to conventional biventricular (BiV) pacing. Introduced in patients about 20
years ago, this novel pacing technique activates the ventricles via the native His-Purkinje system
in order to replicate true human physiological pacing despite the presence of a conduction block.
In this proof of concept study, EWI was used for the rst time in patients undergoing His Bundle
pacing. Four (n=4) patients were imaged transthoracically with EWI a few months aer their His
pacing device implantation procedures. Ten (n=10) subjects with le-bundle branch block (LBBB),
ten (n=10) chronic RV pacing cases, een (n=15) patients in conventional BiV pacing, and four
(n=4) healthy adult volunteers in normal sinus rhythm were also included for comparison and
reference. 3D-rendered electromechanical maps were obtained and histograms of the activation
time distribution were derived in order to quantify the dispersion of the activation timings re-
sulting from the 3D-rendered isochrones. e measure of statistical dispersion used here was the
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standard deviation of the activation time distribution, expressed in milliseconds. 3D-rendered
EWI isochrones were shown capable of successfully characterizing the ventricular activation re-
sulting from this novel His-Bundle pacing therapy in all four patients. Moreover, we witnessed
very similar activation paerns in the sinus rhythm healthy volunteers on the electromechanical
maps, which conrmed replication of true physiological activation in His pacing. Furthermore,
the EWI-based dispersion metric indicated a hierarchy across the dierent rhythms (from the
shortest to the most spread): His Bundle pacing, followed by conventional BiV CRT, chronic RV
apex pacing, and lastly, no pacing in LBBB. More particularly, the dispersion was reported to
signicantly (p ≤ 0.01) distinguish novel His pacing from the other three conditions. Finally,
these ndings imply that His-Bundle pacing, when successful, may provide superior ventricular
resynchronization than the CRT gold standard that is conventional BiV pacing.
6.3.2 Introduction
Owing to the encouraging results obtained with EWI for dierentiating biventricular pacing con-
ditions (RV apex pacing only, LV lateral free wall pacing only and simultaneous BiV pacing) and
assessing the change in ventricular dyssynchrony from before to aer CRT in the two previous
studies (sections 6.1 and 6.2), this chapter’s last section will focus on a more recent CRT delivering
method known as His Bundle pacing [6], [17], [120].
Clinical permanent His Bundle pacing was rst described in patients in 2000 [57]. It consists
of implanting a device with a pacemaker baery similarly to conventional biventricular CRT, but
the lead placement varies. e endocardial lead in the right atrium remains unchanged and the
traditional debrillator lead in the RV apex can either be removed or kept for potential additional
pacing. However, contrary to biventricular pacing for which the third lead is placed epicardially
through the coronary sinus on the free lateral wall of the LV, the main pacing lead in this case
is placed against the RV septum on the bundle of His for direct stimulation of the His Bundle
bers [7], [204]. erefore, His Bundle pacing activates the ventricles via the native His-Purkinje
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system, replicating true human physiological pacing. is novel pacing therapy can be used in
right-bundle branch block patients with normal LVEF or even for atrial brillation and brady-
cardic cases to regulate the heart rate. Most importantly, it represents a promising alternative
to traditional CRT and can achieve cardiac resynchronization in patients with heart failure and
le-bundle branch block, as conduction via the native le bundle can be reestablished with the
His pacing lead [64], [127], [183].
is section aims to assess initial feasibility and investigate the use of 3D-rendered EWI in
His-Bundle pacing patients against more conventional biventricular pacing CRT. In this proof
of concept study, we seek to evaluate whether EWI is capable of (i) characterizing ventricular
activation resulting from His Bundle pacing; (ii) dierentiating it from LBBB or other chronic
pacing modes activation paerns (e.g., apical RV pacing), and lastly (iii) compare our ndings to
the conventional biventricular pacing results obtained in the previous study (section 6.2), as well
as normal sinus rhythm volunteers for a reference of true physiological activation. To achieve
these goals, His Bundle paced patients were imaged with transthoracic EWI a few months aer
their device was implanted. On top of the quantication metrics previously introduced in this
Chapter (RWAT, LWAT, %RM), we will use a new metric: the dispersion of the activation times,
representing the spread or standard deviation of the activation time distributions derived from
the 3D-rendered isochrones.
6.3.3 Methods
Patient Population and Study Design
e study was approved by the Institutional Review Board of Columbia University, and informed
consent was obtained from all human subjects prior to scanning. Four subjects (N=4) under His
pacing were imaged transthoracically by a trained sonographer, according to the same protocol
described in the two previous sections. All patients were scheduled for a follow-up visit at the
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Vivian and Seymour Milstein Family Heart Center device clinic a few months aer their His
pacing device implantation procedures. e exact follow-up dates (in months) for each patient
are given in Table 6.3. Contrary to the two previous studies from Chapter 6, the patients were not
all heart failure cases with reduced LVEF, nor were they scanned within 24 hours of implantation.
In fact, underlying rhythms at their clinical baseline did vary, and most of them did not receive
His Bundle pacing for the purpose of cardiac resynchronization therapy. To get a beer sense of
the population diversity, the patient demographics and clinical characteristics are listed for each
of the four cases individually in Table 6.3.
Evaluation Metrics
On top of i) characterizing how well the ventricles activate in result to His pacing with the RWAT/
LWAT metrics, and ii) determining how similar the electromechanical activation maps look to the
normal sinus rhythm physiological activation paern through high %RM values, we wanted to
iii) illustrate the spread of the activation times on our 3D-rendered isochrones, a.k.a., the extent
to which the activation time distributions are stretched or squeezed. We were inspired by the
”LVAT-95” variable introduced in the JACC paper by Arnold et al. [11], which represents the
”le ventricular activation time spanning 95% of activations”. Instead of simply averaging the
activation times in each ventricle as in the previous sections, this time we focused more on how
Patient Age Gender Rhythm LVEF at LVEF at Time of EWInumber (years) at baseline baseline (%) follow-up (%) scan (months)
1 87 M AFib 50-55 55 10
2 83 M Sinus brady 55-60 55-60 12
3 86 F LBBB 10-15 45 4
4 79 M RBBB 65-70 65-70 3
Table 6.3: Clinical characteristics of the four His Bundle patients. AFib = atrial brillation, Sinus
brady = sinus bradycardia (heart rate < 60 beats/min), LBBB = le bundle branch block, RBBB =
right bundle branch block, LVEF = le ventricular ejection fraction.
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scaered they were. Towards that goal, we ploed the histograms of the activation time dis-
tribution derived from the 3D-rendered isochrones voxels and quantied the dispersion of the
histogram’s distribution (Fig.6.10). e measure of statistical dispersion we used here was the
standard deviation (std) of the activation time distribution, expressed in milliseconds.
Figure 6.10: antication of the dispersion of an activation time distribution
Statistical Analysis
Data presented in this section are expressed as mean ± standard deviation. To investigate whether
3D-rendered EWI was capable of dierentiating His Bundle pacing from LBBB, chronic RV pac-
ing and conventional biventricular pacing, we performed one-way ANOVA on the dispersion
of activation time distributions across the dierent rhythms and pacing conditions. All statisti-
cal analyses were executed using Prism 8 and the null hypothesis was rejected at the 0.05 level.
When one-way ANOVA showed signicant dierences, pair-wise comparisons between means
followed, with post-hoc analysis by Tukey’s multiple comparisons testing.
6.3.4 Results
2D and 3D-rendered isochrones were generated for all His Bundle paced patients. A representa-
tive example of 3D-rendered ventricular isochrones resulting from His Bundle pacing is shown
in Fig.6.11-a for patient 1, scanned with EWI 10 months aer his pacing device was implanted.
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Figure 6.11: 3D-rendered ventricular isochrones on a) a His Bundle pacing case (Patient 1 from
Table 6.3) and b) a 26-year-old healthy male volunteer in normal sinus rhythm (NSR). LWAT =
mean LV lateral wall activation time, RWAT = mean RV free wall activation time.
We notice that the earliest activated region in red satisfyingly lies in the septal area, where the
His Bundle bers are located and supposedly being directly stimulated. We also observe a homo-
geneous activation paern, with a predominance of dark orange in both ventricles. Moreover,
we do not see any bright red early activation on the LV lateral wall as we used to in conventional
BiV CRT pacing (Figures 6.2-c and 6.6). Besides, when qualitatively comparing the His pacing
paern to the one from the healthy volunteer (Fig.6.11-b), we witness how similar the two elec-
tromechanical activation maps look to one another. e normal sinus rhythm activation depicts
the earliest red activated spot at the basal septum level, corresponding to the AV node site. More
quantitatively, RWAT and LWAT were derived from the 3D-rendered isochrones, and the percent-
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age of resynchronized myocardium was computed here on both ventricles (%RMtot), contrary to
in section 6.2 where we were focusing on the LV (%RMLV ) since exclusively considering LBBB
patients. e values are listed in the table at the boom of gure 6.11. RWAT and LWAT values
were very close to one another within each subject, with average activation time dierences be-
tween the two ventricles< 3 ms. %RMtot was nearly at 100% for both subjects, meaning that both
their ventricles activated within 120 ms. Hence, 3D-rendered EWI successfully visualized and
characterized ventricular activation resulting from His Bundle pacing, conrming the hypothe-
sis that directly stimulating the native His-Purkinje system replicates true human physiological
pacing.
Furthermore, we used the new dispersion metric to illustrate the spread of the activation
times on our 3D-rendered isochrones and determine whether it could dierentiate His pacing
from other rhythms and more standard pacing conditions. To do so, we considered patients from
the two previous heart failure studies (sections 6.1 and 6.2) for our LBBB rhythm, chronic RV apex
pacing and conventional BiV pacing CRT cases. Figure 6.12 displays the histograms of the acti-
vation time distributions and associated dispersion values for a His Bundle pacing case, an LBBB
subject, a conventional BiV pacing CRT case, a chronic RV apex pacing patient and a healthy
volunteer in normal sinus rhythm. One can immediately notice that the LBBB histogram with
no pacing is the most stretched. is could have been expected as in heart failure patients with
LBBB, the activation paern is dyssynchronous with the LV being very delayed compared to the
RV (e.g., Appendix B.1, Figure B.2-a), leading to activation times scaered here from 25 ms to
approximately 175 ms and the biggest dispersion value lying at 35.9 ms. Additionally, the His
Bundle pacing histogram is the closest in shape to the healthy volunteer’s, as quantied by a
dispersion value at 16.1 ms compared to 14.4 ms for the volunteer in sinus rhythm, which satisfy-
ingly validates what we saw qualitatively and visually on the 3D-rendered isochrones (Fig.6.11).
Otherwise, the ve histograms exhibit the following trend across the dierent ploed activation
time distributions (from the most stretched to the narrowest): no pacing in LBBB, chronic RV
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Figure 6.12: Histograms of the activation time distributions and associated dispersion values for
a His Bundle pacing case (Patient 2 from Table 6.3), an LBBB, a conventional BiV pacing CRT,
a chronic RV apex pacing patient and a healthy volunteer in NSR (case from Fig.6.11-b). Std =
standard deviation, NSR = normal sinus rhythm.
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apex pacing, conventional BiV pacing in CRT, His Bundle pacing, and lastly normal physiological
sinus rhythm. In the interest of comprehensiveness and reproducibility, three other histogram
examples are included in Appendix B.2 for each of the 5 rhythm and pacing condition (Figures
B.5 through B.9).
e activation time dispersion trend across the ve rhythms and pacing conditions was fur-
ther quantied with statistical analysis on all the patients. Our patient population was composed
of ten (n=10) LBBB subjects with no pacing from section 6.2; ten (n=10) chronic RV pacing cases
from section 6.1; een (n=15) patients in conventional BiV pacing CRT from section 6.2; the
four (n=4) His Bundle patients from this section’s cohort; and lastly, we considered four (n=4)
healthy adult volunteers in normal sinus rhythm from another study being conducted in our
group. Figure 6.13 presents a plot of the dispersion of activation time distributions for the ve
rhythms and pacing conditions afore-mentioned. is graph conrms the trend established on
the ve cases from Fig.6.12 and generalizes it to our entire patient population. In fact, one-way
ANOVA analysis demonstrated signicant dierences in activation time dispersions across the
5 groups (p<0.0001). Moreover, all following post-hoc Tukey’s multiple pair-wise comparisons
were found to be signicant except for the two marked in red by ”N.S” (non-signicant). All
tested pairs and associated p-values are listed in the table on the right of the plot (Fig.6.13). e
dispersion metric derived from the 3D-rendered EWI maps was shown capable of signicantly
dierentiating His Bundle pacing from LBBB, other chronic pacing such as RV apical pacing, as
well as from conventional biventricular pacing CRT. Finally, dispersion could not distinguish His
Bundle pacing from normal true human physiological pacing in the healthy NSR volunteers.
6.3.5 Discussion
In this proof of concept study, EWI was used for the rst time to image patients undergoing His
Bundle pacing. 3D-rendered EWI isochrones were shown capable of successfully characterizing
the ventricular activation resulting from this novel pacing therapy in four patients. We also
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Figure 6.13: Dispersion of the activation time distributions across the dierent rhythms and
pacing conditions. One-way ANOVA followed by post-hoc analysis with Tukey’s multiple com-
parisons. N.S. = non-signicant.
witnessed very similar activation paerns to healthy volunteers in normal sinus rhythm on the
electromechanical maps (Fig.6.11).
Recently, several studies and randomized controlled trials have gained interest in assessing
the clinical outcomes and comparing the eects of His pacing against other more standard pacing
congurations: right ventricular apical paced patients [221], chronically RV paced patients with
LVEF<50% [182], or patients with conventional le ventricular coronary sinus leads [4], [199].
In our study, we introduced the EWI-based dispersion metric and assessed it on the activation
time distribution histograms derived from the 3D-rendered isochrones for ve dierent rhythms
and pacing conditions. First, it was reassuring to qualitatively observe that healthy volunteers in
normal sinus rhythm had narrower dispersion values and overall shorter activation times (his-
togram distribution shied to the le compared to the no pacing with le bundle branch block
rhythm for instance on Fig.6.12). Moreover, the patient demographics diversity within the small
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His Bundle pacing group (n=4), with LVEF at baseline spanning from as low as 10% for the LBBB
case (patient 3) to as high as 70% for patient 4 (Table 6.3), could also be observed through the
variability across dispersion values in Fig.6.12 (top le histogram) and Appendix B.2, Figure B.5.
In fact, patient 4 did have the shortest dispersion value at 13.7 ms, compared to 19.1 ms for the
heart failure LBBB patient. For the laer, the activation time histogram exhibited a fat-tailed dis-
tribution skewed to the right towards more delayed activation times (up to 150 ms), which could
be due to the LBBB underlying rhythm. Nevertheless, patient 3 did respond successfully to His
pacing for the purpose of CRT, as his LVEF at follow-up increased by more than 30% (Table 6.3).
Additionally, the histograms indicated a hierarchy across activation time dispersions (from the
shortest to the most spread): normal physiological sinus rhythm and His Bundle pacing, followed
by conventional BiV pacing in CRT and chronic RV apex pacing, and lastly, no pacing in LBBB
(Fig.6.12 and Appendix B.2, gures B.5 through B.9). is dispersion trend suggested that His
pacing can perform beer than BiV pacing for cardiac resynchronization by addressing the LBBB
dyssynchrony directly at the source and recruiting the healthy remnants of the patient’s own
conduction system [7], [204].
Further statistical analysis demonstrated signicant dierences in activation time dispersions
across the 5 groups for all pair-wise comparisons, except for the two following (Fig.6.13): i) NSR
vs His pacing; and ii) BiV vs RV pacing (despite BiV performing slightly beer than RV overall
with shorter dispersion values). e fact that His Bundle pacing could not be identied from
normal sinus rhythm was not surprising, and conrmed the hypothesis that true human physio-
logical pacing can be reestablished by activating the ventricles via the native His-Purkinje system
[64], [127], [183]. Furthermore, the dispersion metric was proven to signicantly (p< 0.01) distin-
guish His Bundle pacing from conventional biventricular CRT, chronic RV apex pacing and LBBB
rhythm (Fig.6.13). More particularly, the signicant dierence (p=0.0034) found between His and
BiV pacing on the dispersion graph supported the hypothesis that His Bundle pacing, when suc-
cessful, may provide superior ventricular resynchronization than the CRT gold standard that is
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conventional BiV pacing [11]. Initial feasibility of 3D-rendered EWI with its subsequent disper-
sion metric quantication was hereby satisfyingly reported on four His Bundle pacing patients.
Besides, an advantage of using the dispersion of the activation time distribution as an end-
point, as opposed to mean activation time measurements performed on the isochrones, is that
it might get rid of confounding factors from intra- and/or inter-observer variability in absolute
activation time derivation. In fact, inconsistencies can arise from the subjectivity of visually and
manually selecting the QRS onset as the time origin (t=0 ms) of our ventricular EWI maps, leading
to inaccurate temporal co-registration of the four mutli-2D views. is co-registration step can
become all the more challenging in patients with pacing devices, due to the QRS morphology that
may vary a lot on the ECG traces depending on the type of pacing, especially with ventricular
pacing spikes oen preceding actual QRS complexes.
Finally, the study design entails some inherent limitations. is section reported preliminary,
yet promising results, on a very small number of His pacing patients (N=4). Relevant future work
should include investigating the usefulness of 3D-rendered EWI in a larger population of His Bun-
dle pacing patients, and further validating the value of our dispersion metric. Another limitation
lies in the fact that, as previously mentioned in the patient population paragraph of the Methods,
the four patients included in this proof of concept study were not all referred to His Bundle pac-
ing implantation procedures for the purpose of Cardiac Resynchronization erapy. Only one of
the four patients had reduced LVEF and LBBB at baseline. erefore, our ndings might not be
generalizable to all heart failure patients undergoing His pacing CRT. However, this should not
invalidate our initial feasibility assessment, since several papers have shown that successful His
Bundle CRT pacing in LBBB patients produces QRS complexes that look indistinguishable from





In this chapter, we presented three clinical studies and reported the use of 3D-rendered EWI for
non-invasively characterizing dierent biventricular pacing conditions and the more novel His
Bundle pacing conguration, as well as assessing ventricular activation and quantifying myocar-
dial resynchronization aer CRT device implantation. Over the years, several imaging modalities
have been explored in an eort to dene more precise CRT response prediction parameters. Late
Gadolinium-enhanced Magnetic Resonance Imaging for instance has been used to study scar bur-
den and le ventricular dyssynchrony as potential metrics for assessing response [128]. Other
echocardiography-based approaches have shown interest in dening response markers through
strain metrics [159], [78], [85], with the example of Tissue Doppler Imaging in the large prospec-
tive trial PROSPECT study among others [40]. Speckle Tracking Echocardiography was also used
as a modality to guide and optimize LV lead placement in the TARGET randomized control trial
[103]. Relying on 2D radial strains in order to identify the most delayed viable segment and tar-
geting it was shown to signicantly benet CRT response as dened by LV reverse remodeling
at 6 months and improve patients’ clinical status.
Contrary to other conventional echocardiography imaging techniques that mostly derive me-
chanical metrics, EWI relies on high frame-rate ultrasound to map the electromechanical wave
corresponding to the propagation of the contraction onset in response to the heart’s electrical ac-
tivation. In this Chapter, we expanded on the groundwork previously established by our group in
the study from Bunting et al. primarily focusing on conrming the existence of a response, rather
than predicting the likelihood of a patient to respond to CRT, as the heart failure subjects were
scanned with EWI a few years post-implantation [33]. Here, 2D and 3D-rendered ventricular
EWI maps were generated, which allowed us to measure RWAT, LWAT and %RM quantication
metrics within 24 hours of implantation, as well as plot histograms illustrating the dispersion or
standard deviation of the activation time distributions on the 3D-rendered isochrones.
In section 6.1, 3D-rendered isochrones were illustrated to be capable of signicantly distin-
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guishing dierent biventricular pacing conditions (RV apex pacing only, LV lateral free wall pac-
ing only and simultaneous BiV pacing) with the RWAT and LWAT metrics, assessing the ventric-
ular dyssynchrony change in heart failure patients and visualizing it in 3D. In addition, EWI pro-
vided 3D visualization of resynchronized ventricular myocardium immediately aer CRT in the
prospective pilot study from section 6.2. Decrease in LWAT values and improvement in %RMLV
percentages both successfully illustrated response in heart failure patients with decreased LVEF
and either LBBB or chronic RV pacing. More particularly, in terms of response prediction capa-
bilities for functional outcomes at 3-, 6-, or 9-month follow-up, clinical and EWI-based metrics
performed dierently, yet in a complementary manner within 24 hours of CRT implantation. In
fact, the usefulness of QRS widths was established at baseline and its evolution from before to
aer CRT was demonstrated to infer response type. On the other hand, %RMLV was found to be a
reliable response predictor through its with CRT values, contrary to the QRS durations post-CRT
that were about the same across all three groups. When compared with non-responders, super-
responders not only had wider QRS durations at baseline prior to implantation, but also more
pronounced QRS shortening (∆QRS) from before to immediately aer CRT implant. e clinical
∆QRS metric from baseline to post-CRT was indeed found capable of signicantly distinguish-
ing super-responders from non-responders, while the EWI-based %RMLV with CRT signicantly
identied super-responders from non-responders within 24 hours of implantation.
Furthermore, the proof of concept study from section 6.3 assessed initial feasibility of 3D-
rendered EWI in four His Bundle pacing patients. On top of successfully characterizing the
ventricular activation resulting from His pacing for the rst time, 3D-rendered isochrones were
shown capable of visualizing true human physiological pacing in NSR healthy volunteers, undis-
tinguishable from activation paerns in His pacing with the EWI-based dispersion metric. e
laer, derived from the activation time distribution histograms, was reported to signicantly
dierentiate novel His pacing from conventional biventricular CRT, chronic RV apex pacing and
baseline LBBB rhythm. ese results also imply that His Bundle pacing can provide beer ventric-
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ular resynchronization than conventional biventricular pacing CRT through the patient’s native
His-Purkinje conduction system.
Finally, this chapter’s ndings demonstrate that EWI is a highly promising investigative tool
in heart failure patients. All results indicate that our non-invasive technique could potentially
be used as real-time visual feedback by the operating electrophysiologists during the implant
procedure for more patient-specic treatment in conjunction with the QRS narrowing criteria on
the clinical ECGs. e clinicians could rely on critical information provided by the 3D-rendered
maps in order to optimize lead placement, seings, pacing vectors and thus, potentially ensure
beer response rates. 3D-rendered EWI could also be used to monitor the patient’s evolution in
the months following the implant procedure.
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Chapter 7
Optimize zero-crossing detection and
selection, towards a more robust and
automated isochrone generation process
7.1 Abstract
Standard Electromechanical Wave Imaging (EWI) isochrone generation usually relies on manual
selection of zero-crossing (ZC) locations on incremental axial strain curves for a given number of
pixels in the segmented myocardial mask for each view and each patient. When considering large
subject populations, this can become a time-consuming process, that suers from inter-observer
variability and operator bias. In this study, we developed and optimized an automated ZC selec-
tion algorithm, towards a faster and more robust EWI isochrone generation approach. Manually
generated isochrones, previously validated against 3D intracardiac mapping, were considered
as our ground truth during the training and performance evaluation steps. e three machine
learning models investigated for the rst time were: i) logistic regression with elastic net regular-
ization; ii) Support vector machine (SVM); and iii) Random Forest. e SVM and Random Forest
classier were both shown capable of successfully identifying accessory pathways in WPW pa-
141
7.2. INTRODUCTION
tients, characterizing sinus rhythm in human subjects, as well as localizing the pacing electrode
location in LV paced canines on their resulting isochrones. Nevertheless, the best performing
classier was hereby proven to be the Random Forest classier with a precision or positive pre-
dictive value rising from 89.5% to 97% when seing a probability threshold upon ZC candidate
voting. Besides its predictivity was not impacted by the type of testing dataset it was applied
to, contrary to SVM that exhibited a 5% drop in precision on the canine testing dataset. Finally,
these ndings indicate that using a machine-learning approach can reduce user-variability and
signicantly decrease the durations required for isochrone generation, while preserving accurate
electromechanical activation paerns.
7.2 Introduction
In the three previous chapters, we demonstrated that in conjunction with catheter-based EAM
and 12-lead ECG, EWI could be a viable assisting tool for non-invasive diagnosis, treatment-
planning and monitoring in the clinic. Nevertheless, as mentioned in the Methods section of
Chapter 3, isochrone generation in previous studies relied on manual selection of the zero-crossing
(ZC) locations on the incremental axial strain curves for about 150 pixels in the segmented my-
ocardial mask for each view and each patient. When considering large populations, this can
become a time-consuming process. Our group had introduced a semi-automated algorithm, used
previously in the study by Bunting et al. [33], to automatically identify and select the ZCs corre-
sponding to the electromechanical activation for each point in the tissue. However, this algorithm
relied on hard-coded thresholds and empirical conditions that were never further optimized nor
validated against manually generated isochrones in other EWI studies. Improving and acceler-
ating the isochrone generation process would bring EWI one step closer to integration in the
clinic.
In this chapter, we seek to improve some aspects of the EWI processing pipeline: reduc-
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ing inter-observer variability and possible bias of the manually generated isochrones, while also
decreasing the time needed to generate the EWI activation maps, towards real-time implemen-
tation. To achieve this goal, we will start by developing an automated zero-crossing detection
algorithm. We will also investigate how training machine learning models to automatically gen-
erate isochrones with manually selected zero-crossing features from past validated cases can lead
to more robust activation maps. Finally, aer optimization, we will determine what is a suitable
machine learning algorithm that results in a faster overall isochrone generation process while
also preserving the accurate electromechanical activation paern from manual generation.
7.3 Methods
Developing the automated algorithm
As previously described in this dissertation, the wavefront of the electromechanical activation
is dened as the time point at which the incremental strain value changes from relaxation to
contraction. In the apical views, this corresponds to a positive-to-negative downward ZC. For
most strain curves, a single negative peak exists during systole and in these cases, selection of
the ZC location is straightforward. However, incremental strain curves sometimes exhibit more
than one negative peak aer the onset of the QRS complex or p-wave, for the ventricular or atrial
isochrones respectively. In these instances, instead of one clear ZC, multiple ZC candidates are
identied. To address these cases and choose the best candidate consistently without observer
bias, we developed the automated algorithm described below.
Prior to feature detection and ZC selection, a search window was set to 200 ms aer the QRS
origin picked on our single lead ECG, outside of which we do not look for ZC candidates (vertical
black doed line on Fig.7.1). is assumption comes from the fact that we expect the ventricles to
have fully activated within that 200 ms range, because we are considering healthy subjects with
















Figure 7.1: Incremental strain curve and feature collection for a given pixel P in the segmented
apical four-chamber view mask
subsection below. Zero-crossing detection and feature extraction from strain curves have been
used by other groups for various ultrasound applications [72], [9]. In this study, we are interested
in automatically collecting the following features, as illustrated on gure 7.1:
1. (Xi,Yi): spatial coordinates of each point within the segmented mask of strain curves, with
i ∈ [1 : k]; e.g. a limit of 150 pixels (k = 150) can be applied when comparing directly the
automated results to manually generated isochrones.
2. tZCi,n : all positive to negative ZC time-points (activation timings in ms), with n index of the
zero-crossing (e.g., n = 1 if only single ZC possible or n = 2 on Fig.7.1).
3. slopeZC: slope of the strain curve at each ZC location (red doed tangent line on Fig.7.1).
4. εmax and εmin: maximum positive and minimum negative strain values surrounding each ZC.
5. tεmax and tεmin : time-point locations of the maximum and minimum strain values (in ms).
From now onward, we will refer to the points with single ZC occurrences (n = 1) as “stable ZCs”
(≈ 40 % of the time), compared to “ZC candidates” (≈ 60 % of the time) when multiple options
are available (n > 1).
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Dening heuristic-based automated approaches as a reference baseline
Once the incremental axial strain curve features are collected, we will consider two heuristic-
based automated approaches and compare the resulting isochrones for each one of them to the
manually generated ground truth maps. e approaches are as follows:
1. Always select the rst ZC immediately following the onset of the QRS complex and occurring
within the 200 ms search window.
2. Select the rst ZC that satises the following conditions (introduced in [33]):
εmin ≥ 20% min(εmin ∀ i) and |slopeZC | ≥ 20% max( |slopestrain curve| )
ese ZCs, dened based on the amplitude of the negative ZC peak and the steepness of the
strain curve slope at the crossing, were referred to as “clear” ZCs in the paper.
e second approach tries to mimic the observer’s reasoning when there is more than one ZC
candidate to choose from. In fact, these two conditions on the strain curve’s slope at the loca-
tion of the ZC and the amplitude of the negative peak strain are common biases experienced by
operators upon their manual ZC selection process.
Ground truth datasets
To be able to compare the performance of the dierent automated approaches, we need to estab-
lish and conrm which method yields the most accurate physiological ZCs, and if the resulting
isochrones preserve the accurate manually generated activation paern or maybe even outper-
form it. Towards that goal, we have to test the algorithm on some well characterized datasets.
Manually generated isochrones can only be considered ground truth data if they have previously
been validated by electroanatomical mapping (EAM).
First, we considered twenty-four (N=24) WPW patients from the pediatric (14/24) and adult
(10/24) studies in Chapter 5, all previously validated against intracardiac mapping prior to their
ablation procedures. e patients had ventricular pre-excitation, but were known to be otherwise
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healthy with normal cardiac anatomy and function (e.g., no ischemia as it could have an eect on
the strain curves due to tethering for instance or reduced strain amplitudes). We also included
ve (N=5) human cases in sinus rhythm, from patients post successful WPW ablation.
In addition, we performed two open-chest canine experiments with EAM validation on the
epicardial surface of the LV using the clinical EnSite mapping system (Abbo Medical, St. Paul,
MN, USA). Contrary to patient data, this allowed us to achieve exact LV wall co-registration
between the surface mapped and the wall portions being imaged in the apical views. is was
easily accomplished aer the thoracotomy by probing the epicardium with the mapping catheter,
ensuring visualization on the corresponding B-mode before acquiring the views, and placing the
associated labels on the electroanatomic maps. As explained in detail in Chapter 3 (section 3.3),
one canine was paced at a single LV location, while the other animal had 5 pacing electrodes
positioned across its LV; leading to a total of six (N=6) dierent LV-paced canine datasets.
erefore, we have a total of 35 datasets with zero-crossings validated thanks to the manual
selection ground truths:
35 cases× 4 apical views× 150 spatial points = 21 000 incremental strain curves
Machine learning classication model
Due to the plethora of images typically acquired from patients in echocardiography, machine
learning (ML) and deep learning have gained a lot of interest in the ultrasound eld over the
past few years [202], not only for i) image reconstruction and beamforming [140], [123] with the
ADMIRE model among others [36], [56]; but also for ii) tumor detection [189]; and iii) segmenta-
tion of echocardiographic views with neural networks [186], [116]. ML has also been applied to
strain estimates for various applications: quality assurance for reliability assessment [190], [192],
strain curve classication into physiological or artefactual categories [215] , as well as extracting




In this subsection, we seek to investigate whether training a machine learning algorithm to
automatically generate isochrones with manually selected ZC features from past validated cases
leads to more robust activation maps. To address this, we built a supervised learning model to
classify the ZC candidates. Supervised learning consists of building a model that approximates
a function trained with ground truth samples (i.e., labeled data). For each sample, this learned
function takes features as an input, and returns a value. In our case, we need a binary classier
that tells us if a ZC candidate is the correct one or not. In order to do so, we started by labelling
the data: for a given pixel (Xi, Yi) in the segmented myocardium mask, the ZC candidate with
the activation time tZCi,n closest to the manually selected ZC location was assigned the label =
1 (i.e., true location), while the others tZCi,j with j 6= n were assigned the label = 0. e feature
engineering step was performed on the above-mentioned ground truth datasets.
Pre-processing of the dataset is required prior to training the classication model. On top
of the automatically collected numerical strain curve features listed above, we also included the
following categorical features: the apical view type the strain curves were taken from, as well as
the type of acquisition used (i.e., eld of view depth and pixel resolution). e list of all features
is provided in Table 7.1 with a total of:
16 features = 8 categorical features+ 8 numerical features
We then performed “one-hot encoding” on the categorical features, which consists of converting
categorical variables into a binary form that can be provided as a feature to train the ML algorithm.
Finally, the last pre-processing step was to standardize the numerical features in order to convert
them to a common scale with an average of zero and a standard deviation of one. is was
achieved with z-normalization: (Xi, Yi) standardization was performed by patient and by view
for consistent distance measurement purposes across cases, while the other numerical features
were standardized across patients prior to training.
e developed machine learning algorithm is a binary classier. For each P (Xi, Yi) with no
stable ZC, the algorithm has to vote for the best ZC candidate. erefore, we want to learn a func-
147
7.3. METHODS
Categorical features Numerical features
1 Apical 4-chamber Xi coordinate
2 Apical 3.5-chamber Yi coordinate
3 Apical 2-chamber tZCi,n ZC location
4 Apical 3-chamber slopeZC slope at ZC location
5 14-cm deep eld of view εmax peak positive strain before ZC
6 20-cm deep eld of view εmin peak negative strain aer ZC
7 λ/16 pixel axial resolution tεmax peak location before ZC
8 λ/8 pixel axial resolution tεmin peak location aer ZC
Table 7.1: Categorical and numerical features used for the machine learning algorithm.
tion f that maps the features described above to a probability p ∈ [0 : 1] of being a true ZC, and
predict that the candidate with the highest probability is indeed the ZC, while the others are not.
To nd the most appropriate algorithm, we will try three classic machine learning approaches:
Logistic Regression, Support Vector Machine (SVM) and Random Forest. Logistic regression is a
widely used statistical generalized linear model, oen chosen as a reference baseline in ML, as
it is simple and straightforward to implement [52]. e logistic regression classier used here
relied on an elastic net regularization, linearly combining L1 and L2 regularization techniques
on the regression coecients in the penalty term of the loss function [222]. e corresponding
hyperparameter in this case is called the L1-ratio; being equal to 1 if the penalty term is only an
L1 regularization, while equal to 0 if it’s only an L2 regularization (Table 7.2). Besides, SVM, also
known as support vector networks, is a supervised learning model used for classication, which
denes a hyperplane to divide the two categories [44]. e SVM kernel denes what type of sepa-
ration will be applied between the classes and allows to nd the optimal hyperplane in a dierent
dimensional space. Finally, Random Forest is an ensemble learning method for classication that
operates by constructing a multitude of decision trees [31]. Random Forest is known to be good
for dealing with heterogeneous features [106]. Each decision tree gives a predicted label to the
samples, and the Random Forest ends up assigning the label that has the most votes out of all the
decision trees. All models were implemented in Python with the Scikit-learn machine learning
library to dene the three classiers and their associated hyperparameters (Table 7.2).
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Furthermore, how did these models vote for the correct ZCs for each P (Xi, Yi)? When there
was only a single stable zero-crossing, tZCi,1 was chosen. On the other hand, if there were several
ZC candidates, two voting options were possible in order to convert the probability values to
binary labels for each candidate and determine the predicted labels:







2. Swipe through a set a probability thresholds to nd the best cuto value: highest precision
(also known as positive predictive value) given a condition set on the recall (also known as
sensitivity or true positive rate). en, pick the best ZC candidate only if its probability is






only if p(tZCi,n) > pthres
ML model Hyperparameters Values used for iterative tuning
Logistic regression elastic net, L1-ratio [0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1]
SVM kernel type ’linear’, ’poly’, ’rbf’, ’sigmoid’
Random Forest n estimators [20, 50, 100, 200, 300, 400, 500]
Table 7.2: Machine learning models, associated hyperparameters and list of corresponding val-
ues used upon iterative tuning for the grid search sweep. Poly = polynomial, rbf = radial basis
function, n estimators = number of estimators or trees in the forest.
ese approaches were evaluated on the previously described and validated ground truth
cases. Towards that goal, we rst split the 24 WPW datasets into a training set, and a validation
set with a 70/30 ratio: 16 patients for training (9614 labelled strain curves) vs 8 for evaluating the
hyperparameters (4453 strain curves). e hyperparameter tuning process was iterative: we ed
a model on the training set with a set of given hyperparameters, and evaluated its performance
on the validation set. e approach taken was that of a grid search, where we iteratively swept
through all possible combinations of hyperparameters for a given model within ranges we had
set (Table 7.2). We compared the performance of the dierent models based on evaluation metrics
described in more details in the next paragraph, computed on the validation set. Once we found
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a machine learning algorithm and a set of hyperparameters that yielded good results on the
validation set, we reed the model with these seings on the whole dataset constituted of both
the training and validation samples. is step allowed for a larger sample size in order to t,
hopefully, a beer model.
Finally, we tested the subsequent model on a held-out set called the test set. e laer included
the remaining 11 ground truth datasets not used so far: 5 human sinus rhythm subjects and 6 LV
paced canines. We used this test set only once to avoid leaking information to our hyperparameter
tuning process and damaging the generalizability of our model by overing it to the test set.
e resulting testing metrics are the true performance evaluation of our model, since they were
obtained on a dataset that was neither used to t the model, nor used to select hyperparameters
(Table 7.3, b-c). Although generalizability is a central problem in machine learning, we can build
some condence regarding future performance of our predictive models by using dierent test
datasets that illustrate various realistic tasks, such as a dierent set of patients, or transferability
of our model’s predictivity to canine subjects.
Evaluation Metrics
In order to evaluate the performance of the automated machine learning algorithms, the metrics







with TP = true positive, FP = false positive and FN = false negative.
Depending on the eld of interest, these metrics can also be called: positive predictive value
(PPV) = precision and true positive rate (TPR) = sensitivity = recall. In this dissertation and chap-
ter in particular, we will stick to using the precision and recall terms to refer to these statistical
metrics. In our scenario, the precision represents what portion of our prediction is true, while




Multi-2D isochrones on an illustrative example taken from the canine testing dataset are shown
in Appendix C, gure C.1 for the ground truth manual zero-crossings, as well as for the two
heuristic-based automated approaches. e anterior LV paced canine case satisfyingly exhibited
a single early activated region on the ground truth manual isochrones, displayed in red on the LV
anterior wall of the apical 2-chamber view. While the rst occurring ZCs approach did catch the
pacing electrode’s (earliest activated) region, it also displayed several other early activated areas,
even on the RV free wall very distal from the location of the pacing electrode. Furthermore, the
isochrones generated with the negative peak amplitude and slope conditions [33] were less noisy
and more similar to the manual ground truth in terms of predominant late activated blue color and
overall activation paern, despite missing the pacing electrode’s location on the anterior wall of
the apical two-chamber view. None of the two heuristic-based automated approaches were very
convincing.
Regarding the machine learning classication models, the set of tuned hyperparameters that
was found to yield the best results (highest recall or sensitivity) on the validation set was the
following: logistic regression, elastic net L1-ratio = 0.5; SVM, kernel = radial basis function; and
Random Forest, n estimators = 200. e precision-recall curves for the three models (logistic
regression in red, SVM in blue and Random Forest in green) were evaluated on the validation,
human test and canine test datasets, and are shown in gure 7.2. At rst glance, one immediately
notices that SVM and Random Forest signicantly outperform logistic regression on all three
datasets, while both performing similarly and not falling below 88% precision even in the worst
case. Additionally, the stars and values overlaid onto the curves represent the performances
for the dierent voting approaches and threshold scenarios used to generate the EWI isochrones
throughout this Chapter, as explained in details in Table 7.3. More particularly, we decided to take
a closer look at two recall values: 70% and 40%. Given that we initially start with about 150 ground
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Figure 7.2: Precision-recall curves for the three ML models (Le column: logistic regression in
red, Center: SVM in blue, and Right column: Random Forest in green). e curves are displayed
for performances evaluated on: a) the human validation dataset; b) the human test dataset; and c)
the canine test dataset. e ML models performance are shown for their tuned hyperparameters:
elastic net L1-ratio = 0.5; kernel = radial basis function and n estimators = 200.
manually selected ZCs to choose from when generating our automated isochrones. However,
seing a 40% recall (e.g., 60 pixels) would lead to spatial undersampling within the segmented
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myocardium mask and thus, drastically impact the isochrone activation paern, which would
then mostly result from interpolation and not actual selected activation times. Nevertheless, if
we collect the features on about 2500 pixels per view, we would start with a larger pool of axial
incremental strain curves. In fact, once the models have been trained, we don’t necessarily need
the ground truth and labelled ZCs on all the points to perform the testing on new data. erefore,
even with a low recall of 40%, we would still end up with 1000 pixels, which corresponds to an
order of magnitude higher than our current standard manual EWI isochrone generation process.
a) Highest probability ZC Probability threshold on ZCs
Precision Recall Precision Recall pthres
Logistic regression 71.19 % 71.19 % 71.20 % 71.17 % 0.254
76.81 % 40.02 % 0.643
SVM 89.51 % 89.51 % 93.14 % 70.18 % 0.767
97.80 % 42.02 % 0.938
Random Forest 89.58 % 89.58 % 92.69 % 70.31 % 0.720
97.86 % 41.05 % 0.915
b) Highest probability ZC Probability threshold on ZCs
Precision Recall Precision Recall pthres
Logistic regression 57.16 % 57.16 % 57.16 % 57.16 % 0.200
57.16 % 57.16 % 0.200
SVM 88.41 % 88.41 % 93.07 % 70.12 % 0.775
96.61 % 40.18 % 0.937
Random Forest 89.53 % 89.53 % 92.74 % 70.06 % 0.721
97.52 % 40.09 % 0.903
c) Highest probability ZC Probability threshold on ZCs
Precision Recall Precision Recall pthres
Logistic regression 61.67 % 61.67 % 61.67 % 61.67 % 0.221
61.91 % 40.43 % 0.576
SVM 88.26 % 88.26 % 88.68 % 70.03 % 0.698
91.12 % 40.06 % 0.919
Random Forest 90.59 % 90.59 % 92.61 % 70.05% 0.704
97.13 % 40.01 % 0.912
Table 7.3: Machine learning models performance evaluated on: a) the validation dataset; b) the
human test dataset; and c) the canine test dataset. e three models display the performance for
their tuned hyperparameters: L1-ratio = 0.5; kernel = radial basis function and n estimators = 200.
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More quantitatively, Table 7.3 details the ML models performance evaluated on the entire
validation dataset (Table 7.3-a), as well as on both test datasets: human (Table 7.3-b) and canine
(Table 7.3-c). e two dierent voting options for the multiple ZC candidates are shown: the
highest probability approach always voting for a ZC candidate no maer what, and the probabil-
ity threshold option only voting for the best ZC candidate that satises the probability threshold
condition. It is worth noticing that the precision and recall values for the rst voting approach
are always equal to one another. is is due to the fact that the highest probability models always
make a ZC candidate selection for each pixel. In that case, because of that specic voting process
FN=FP and thus, the evaluation metrics formulas wrien above end up being the same. On the
other hand, for the second ZC voting approach, the table displays the best precision performance
for two scenarios: i) when satisfying a recall > 70 %, and ii) when satisfying a recall > 40 % re-
spectively. Lastly, the corresponding probability thresholds pthres are explicitly listed in the last
column for each case. As expected with the precision-recall tradeo, when the recall decreases
from 70% to 40%, the precision improves by about 4% for both SVM and Random Forest mod-
els. Moreover, even though SVM initially performed very similarly to Random Forest in terms
of precision, on the validation dataset as well as on the human testing dataset, SVM’s precision
exhibited a 5% drop on the canine testing set. Meanwhile, Random Forest remained stable and
barely witnessed any change in precision when applying the model to canine data.
Figure 7.3 illustrates the 3D-rendered isochrone results for the heuristic-based and ML-based
automated approaches on the example of an antero-lateral LV paced canine, taken from the test
dataset. e heuristic-based baseline chosen here as a reference was the automated approach that
always selects the rst occurring zero-crossing. e isochrone paerns of the rst two automated
approaches (Fig.7.3-b, c) look very similar to one another, but are far from comparable to the
manual ground truth result. Besides, SVM and RF (Fig.7.3-d, e, top row) clearly outperformed the
two and had promising qualitative performance, despite revealing discontinuities in the activation
paern anteriorly compared to the manually generated isochrone. e recall here was maximal,
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Figure 7.3: 3D-rendered isochrones generated with the dierent automated approaches on the
example of an LV paced canine taken from the testing dataset compared to the manually gener-
ated isochrone. e 3D-rendered isochrones are shown for: a) Manual ground truth; b) Heuristic-
based automated baseline selecting always the rst occurring ZCs; c) ML model with logistic
regression classier; d) ML model with SVM classier; and e) ML model with Random Forest
classier. e corresponding EnSite electroanatomic map (EAM) is included for a limited epicar-
dial surface of the anterior LV, accessible with the mapping catheter in the chest cavity during
the canine experiment. e middle row for (c-e) corresponds to the ML models results with the
2nd voting approach: probability threshold applied to the ZC candidates and satisfying a recall
> 70%, while the boom row for (d-e) sets the condition to a recall > 40%. Another key dier-
ence for the very last row is the considerably larger amount of pixels the models were applied
on (P (Xi, Yi) with i ∈ [1 : 2500]), not previously used in the initial ground truth manual ZC se-
lection. e ML model-based automated algorithms generated the isochrones with their tuned
hyperparameters: elastic net L1-ratio = 0.5; kernel = radial basis function and n estimators = 200.
since the models did not discard any pixel upon voting for the ZC candidates. What happens
now, if we wish to further increase the precision? When using the second voting option by
applying a probability threshold to the ZC candidates and making sure the recall remained> 70%
(Fig.7.3, middle row), the best performing algorithm was the Random Forest model. e laer is
emphasized here by the blue dashed box. is was indeed previously quantied and conrmed
by the higher performance evaluation metrics (Table 7.3). Furthermore, when seing the voting
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condition such that the recall was > 40%, while simultaneously considering a larger amount of
pixels (P (Xi, Yi) with i ∈ [1 : 2500]) not previously used in the initial ground truth manual ZC
selection (Fig.7.3-d, e, boom row), the Random Forest precision increased even more. In fact, the
antero-lateral LV pacing spot displayed in red became more localized in the longitudinal direction
and did not spread towards the base anymore. us, the overall best automated algorithm that
allowed the most successful localization of the antero-lateral LV pacing spot, as validated by the
manual isochrones, is outlined by the green dashed box (Random Forest, recall > 40% and 2500
pixels per view). e corresponding multi-2D EWI isochrone slices prior to 3D-rendering for the
SVM and Random Forest models, as well as the original ground truth manual 2D isochrones are
included in Appendix C, gure C.2. e 2D isochrones clearly demonstrate the improvements
resulting from the second voting approach with the probability threshold, as well as the progress
made when the model was applied to a larger number of pixels. e dashed circles outline where
the precision was recovered when the recall decreased. Figures C.3 and C.4 in Appendix C further
clarify the precision-recall tradeo on this particular canine example. e pixel density is mapped
spatially in each of the four apical views for all ZC voting scenarios (Fig.C.3), is illustrates
how the Random Forest classier has a lower condence in particular myocardial wall regions,
but doesn’t risk voting for a ZC candidate in these regions and would rather keep the precision
metric higher than SVM by discarding more lower probability points. More specically, gure
C.4 displays representative examples of incremental strain curves for 4 points in the segmented
myocardium mask within one of the dashed circle outlining the RV free wall of the 3.5-chamber
view. e presence of a second earlier ZC candidate on three out of the four curves, dierent
from the manually selected ground truth ZC, informs the models behavior between the voting
approaches in the recovered precision region.
Finally, another example of automated 3D-rendered isochrones compared to manual ground
truth is given in Appendix C, gure C.5, this time on a le lateral WPW case taken from the
validation dataset. Once more, the Random Forest algorithm visually performed the best, clearly
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depicting the location of the accessory pathway on the le lateral wall of the LV, followed closely
by the SVM model.
7.5 Discussion
In this optimization study, we developed an automated zero-crossing detection algorithm to gen-
erate EWI isochrones in a faster and more robust way, with no interobserver variability. is
study also reported the use of machine learning models for the rst time for automatically select-
ing the best ZC candidates on axial incremental strain curves in WPW patients, sinus rhythm hu-
mans and LV paced canines. e three ML models (logistic regression, SVM and Random Forest)
were trained with manually selected zero-crossing features from past validated cases, therefore,
considered as ground truth.
First, we evaluated the models performance with precision-recall curves on the validation and
testing datasets (Figure 7.2). Both SVM and Random Forest models clearly outperformed logistic
regression on all three datasets. In fact, the precision of the logistic regression classier collapsed
very quickly below 65% on the testing datasets, as illustrated on the middle and boom rows
precision-recall curves in red. Table 7.3 further described the models performance for the dierent
voting approaches and probability threshold scenarios used to generate the EWI isochrones in
this chapter. e logistic regression model could not yield a respective recall higher than 57.2%
and 61.7% in the human and canine test datasets, despite applying the probability threshold to
the ZC candidates with the voting approach. is led once more to situations where the precision
was equal to the recall, due to the maximum recall cut-o.
Additionally, even though SVM initially performed as well as Random Forest in terms of
precision on the validation and human testing datasets, it ended up not being as generalizable
nor transferable to other types of datasets, like in the canine example for which it exhibited a 5%
drop in precision (Table 7.3). We can assume the SVM model was probably more overed to the
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training and validation human datasets. Meanwhile, Random Forest showed robustness and its
predictivity was not impacted by the type of dataset. is allowed us to build condence about
future performance of the Random Forest model with respect to dealing with potential data it has
not yet been exposed to. us, the Random Forest model with 200 estimators or trees was hereby
proven to have the best performances overall no maer the dataset it was applied to. Seing
a probability threshold upon ZC candidate voting improved the precision from 89.5% to 92.7%,
and went as high as 97.5% on the testing datasets at the expense of a signicantly lower recall
however (40%).
Furthermore, automated operator independent 3D-rendered isochrone generation approaches
such as SVM and Random Forest were shown capable of successfully identifying the accessory
pathway in WPW patients and the pacing electrode location in LV paced canines (Fig.7.3 and
Appendix C, gures C.2 to C.5). Besides, Random Forest was deemed to have the best performance
visually with the second voting approach while seing the condition on the recall evaluation
metric. ese ndings were all the more true when considering a larger amount of pixels (2500
points) per apical view, not used in the initial ground truth manual ZC selection. Even if the
incremental axial strain curves and associated features were no longer labeled, as they were not
previously manually annotated, this allowed us to go as low as 40% for the recall value. In fact, at
this point we were interested in the highest possible precision, no maer the recall. e resulting
EWI isochrone activation paerns were very satisfying. Despite discarding about 60% of the
pixels per view and only making ZC predictions on 1000 points out of the 2500 (still more than
four times the amount of pixels currently used for the standard manually generated isochrones),
the precision rose above 97%.
Finally, we have mentioned more than once in this dissertation that the electromechanical ac-
tivation constitutes a wavefront, expected to propagate continuously. erefore, we can assume
when having several ZC candidates to choose from, that the correct and physiological approach
would be to select the ZC that gives the smoothest transition in the activation gradient in order
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to decrease the amount of sudden “jumps” or discontinuities in activation times. e incremental
strain curves, pixel locations in the segmented masks and multi-2D isochrones shown in Ap-
pendix C, Figures C.2 to C.4 highlight that particular interesting behavior the Random Forest
model adopted when faced with such a scenario. ree out of the four curves displayed the pres-
ence of a second earlier ZC candidate, dierent from the manually selected ground truth ZC. An
operator manually generating this 3.5-chamber view isochrone would most probably have ap-
plied a “nearest neighbor” approach: inferring which ZC candidate was the correct physiological
one by looking at the nearest single stable ZC and choosing accordingly between the multiple
candidates in the neighboring points. It seems the Random Forest classier intrinsically applied a
similar reasoning. is could also be justied by the highest amplitude of the second ZC negative
peak strain. In fact, as previously mentioned when introducing the heuristic-based automated
isochrone generation approaches in the Methods, applying a condition on the negative peak’s
amplitude is a common bias experienced by the operator upon his manual ZC selection pro-
cess. us, it is possible that the training parameters indirectly included information regarding
one zero-crossing candidate disappearing while another one appears with higher negative peak
strain amplitudes, and the ML model might have been predisposed to such scenarios because they
were embedded in the training features.
Nevertheless, there are a few limitations to this study. e automated algorithms were only
applied to ventricular isochrone generation with positive-to-negative ZCs. Upward negative-to-
positive ZCs for other types of view such as PLAX or atrial isochrones were not considered in
the training process. Moreover, the ground truth datasets only included sinus rhythm cases or
WPW patients that were otherwise known to be healthy with no other co-morbidities. ese
datasets also did not include other types of cardiac arrythmias. Future investigations still need to
be conducted to further rene the Random Forest classier, by adding for instance more categor-
ical features (e.g., type of cardiac rhythm) as inputs to the ML model to potentially improve its
robustness and transferability even more. Considering the totality of the points contained in the
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segmented myocardial mask in each view: (Xi, Yi) with i ∈ [1 : k] and k > 40000, instead of a
subset of pixels with k ≤ 2500, could also improve the isochrone outcomes at low recall values.
7.6 Conclusion
In this chapter, an automated zero-crossing detection algorithm was developed and optimized for
faster and more robust EWI isochrone generation. e three machine learning models investi-
gated for the rst time for the purpose of ZC candidate selection on incremental strain curves
were: i) logistic regression, elastic net L1-ratio = 0.5; ii) SVM, kernel = radial basis function ; and
iii) Random Forest, n estimators = 200. SVM and Random Forest were both illustrated capable of
geing rid of interobserver variability and possible manual selection bias, while also decreasing
the time needed for isochrone generation (from about 90 minutes to few minutes per patient), and
identifying accessory pathways as well as pacing locations in humans and canines respectively.
Besides, another voting approach for the ML models was examined and the associated per-
formance improvements were evaluated. Instead of constraining the models to always choose a
ZC for all spatial points in the segmented myocardium mask, the algorithms solely picked the
best predictions. In this scenario, a ZC was only considered true if its probability lied above a
certain threshold during the isochrone generation process. is activation time prediction ap-
proach demonstrated that seing a probability threshold upon ZC candidate voting improved
the precision of the Random Forest model from 89.5% to as high as 97.5% on the testing datasets.
ese results hereby imply that the best performing machine learning algorithm, resulting in the
most precise isochrones, while also preserving the accurate electromechanical activation paern
from manual generation, was the Random Forest classier with 200 estimators or trees and a
probability threshold applied to the ZC candidates.
Finally, the study ndings indicate that the procedures required to obtain EWI activation
maps can now signicantly be abbreviated without a signicant trade-o in accuracy, towards
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real-time implementation of our technique’s processing pipeline to translate EWI one step closer
to integration in the clinic.
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Chapter 8
Summary and Future Work
8.1 Summary
e work presented in this dissertation focused on clinical applications of Electromechanical
Wave Imaging (EWI) for both arrhythmia detection and Cardiac Resynchronization erapy
(CRT) characterization.
First, EWI’s performance was tested regarding its dependence on the imaging view and ori-
entation of the ultrasonic probe. Chapter 4 was designed to achieve this goal: electromechanical
activation maps in normal sinus rhythm human volunteers (n=7) were found to be repeatable
across consecutive heart cycles, reproducible across separate acquisitions and angle independent
across dierent imaging views (Melki et al. UMB 2017).
Aer validating the reproducibility and angle independence of EWI in healthy subjects, we
proceeded to our large clinical studies: evaluating the accuracy and prediction capabilities of
EWI for atrial and ventricular arrhythmia localization prior to catheter ablation as validated by
intracardiac mapping (Chapter 5). EWI was rst shown capable of consistently localizing ac-
cessory pathways (APs) in variable locations, including a rare fasciculoventricular pathway, in
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pediatric Wol-Parkinson-White patients (n=14) (section 5.1). EWI isochrones correctly identi-
ed the location of the pathways in all patients (100%), while 12-lead electrocardiogram (ECG)
analysis with the Boersma et al. or Arruda et al. algorithms only correctly predicted 11/14 (78.6%)
(Melki/Grubb et al. JACC EP 2019). Building upon the results from the pediatric study, we con-
ducted two other clinical studies this time in a heterogeneous adult patient population with other
co-morbidities. EWI was shown capable of accurately predicting 12/12 (100%) of the AP locations
and 10/11 (91%) of premature ventricular contraction (PVC) ectopic foci (section 5.2). EWI also
correctly predicted the arrhythmogenic source of 7/7 (100%) atrial tachycardia (ATach) and 24/25
(96%) of the atrial uer (Auer) circuit locations (section 5.3). Furthermore, EWI isochrones
were proven capable of capturing ventricular bigeminy and the associated change in activation
paern between two consecutive beats (sinus rhythm vs ectopy) in the same PVC patient prior
to ablation. Besides, not only was EWI shown capable of localizing the focal arrhythmias, it was
also reported to successfully characterize macro-reentrant circuit propagation in uers. Mean-
while, ECG interpretation by six blinded electrophysiologists identied 64% of the APs, 80% of
PVC locations, 50% of ATachs and 74% of Auers. erefore, the accuracy of EWI localization
was higher than that of clinical diagnosis using standard 12-lead ECG for all types of arrhythmias,
as determined by the successful ablation site (Melki/Grubb et al. STM 2020).
e next few studies in Chapter 6 aimed to show how EWI could be applied to patients un-
dergoing CRT for response assessment in the clinic. 3D-rendered EWI isochrones were rst il-
lustrated to be capable of signicantly distinguishing dierent biventricular pacing conditions
(p<0.05) with the RWAT and LWAT metrics, assessing the ventricular dyssynchrony change in
heart failure patients (n=16) with CRT, and visualizing it in 3D (section 6.1). EWI also provided
quantication of the amount of le ventricular resynchronized myocardium (%RMLV ) in heart
failure patients (n=38) before and aer CRT. In particular, the laer was found to be a reliable
response predictor at 3-, 6-, or 9-month clinical follow-up through its post-CRT values (section
6.2) by signicantly identifying super-responders from non-responders (p<0.05) within 24 hours
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of implantation (Melki et al. Circ. Cardiovasc. Imag. in review 2020). Additionally, the ventricu-
lar activation resulting from His Bundle pacing (n=4) was successfully characterized for the rst
time in a proof of concept study (section 6.3). e 3D-rendered isochrones were shown capable
of visualizing true human physiological pacing in healthy volunteers, undistinguishable from the
patients activation paerns through their native His-Purkinje conduction system with the EWI-
based dispersion metric. e laer, derived from the activation time distribution histograms,
was, however, reported to signicantly dierentiate (p<0.01) novel His pacing from other more
conventional biventricular pacing schemes, chronic RV apex pacing and baseline LBBB rhythm.
Lastly, Chapter 7 drew from the ndings presented in the preceding chapters and focused
on developing an automated zero-crossing detection algorithm, towards a faster, more robust
and less observer dependent EWI isochrone generation process. is was achieved by training
three machine learning (ML) models with manually selected zero-crossing features from previ-
ous validated cases considered as ground truths. e isochrones resulting from the support vector
machine (SVM) and Random Forest ML models were both shown capable of successfully identify-
ing the accessory pathway in WPW patients and the pacing electrode location in paced canines.
Nevertheless, SVM was not as generalizable from validation to testing, nor easily transferrable to
canine data. In fact, its predictivity was considerably impacted by the type of testing dataset it was
applied to. us, the best performing algorithm was hereby established to be the Random Forest
classier with n=200 estimators or trees, resulting in a precision of up to 97%, while still preserv-
ing accurate activation paerns from the manual isochrones. ese optimization study ndings
indicate that the durations required to obtain EWI activation maps can now signicantly be de-
creased, towards real-time implementation of our technique’s processing pipeline, which brings
EWI one step closer to integration in the clinic.
Finally, an advantage of EWI is its use of pre-established infrastructure, using hardware that
already exists in most echocardiography machines readily available in clinics and hospitals. EWI
costs have a similar prole to standard 2D transthoracic echocardiography and would be more
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cost eective than CT or MRI. Real-time EWI could easily be integrated into existing standard
clinical ultrasound imaging systems because no additional hardware would be required; only
open access to the raw radiofrequency data from the ultrasonic transducer. Real-time implemen-
tation of EWI is being developed by our group. Its most recent version without the use of any
ML model is able to process and generate the 3D-rendered isochrones in less than 10 min and
is currently undergoing optimization and investigation. Results presented in this dissertation
therefore indicate that, in conjunction with catheter-based EAM and clinical 12-lead ECG, EWI
could non-invasively help physicians for the early detection, diagnosis and treatment planning
of patients with arrhythmia in the clinic. EWI could also aid in monitoring and follow-up of
heart failure patients undergoing CRT by assessing the change in ventricular dyssynchrony on
their electromechanical activation paerns and visualizing it in 3D, as well as predicting response
within 24 hours of implantation.
8.2 Future Work
ere is a number of routes for potential future improvements that could bring EWI even closer
to integration in the clinic.
e studies from Chapter 5 were prospective pilot analyses of large clinical usage of the EWI
technique, not clinical trials randomizing patients to EWI imaging before planned catheter abla-
tion. erefore, we did not test the eect of EWI on a specic clinical outcome such as reduced
procedure, anesthesia, or uoroscopy times. e next steps should involve conducting a random-
ized clinical trial whereby the catheter ablation is guided by the EWI prediction of the arrhythmic
regions, and determine whether it could lead to higher accuracy and success of ablation proce-
dures; half of which currently have to be repeated for successful and sustained reversal to sinus
rhythm. e objective would be to signicantly increase the success rate of the rst ablation pro-
cedure. Consequently, future studies should investigate (i) whether EWI can reduce procedure,
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anesthesia, and uoroscopy times and/or improve outcomes; (ii) reduce cost of ablation proce-
dures; and nally (iii) explore the use of EWI during intracardiac echocardiography for more
exact spatial resolution during invasive electrophysiology studies.
Moreover, as previously touched upon in the Discussion of section 6.2, a relevant next step for
future work related to CRT response assessment would be to perform double-blinded prospective
studies to further validate the predictive value of our EWI technique. We would blindly predict
CRT response within 24 hours of implant with our EWI-based %RMLV metric, while electrophys-
iologists would blindly make their predictions by assessing the post-implant 12-lead ECGs. Both
predictions performed would then be compared to each other and validated against LVEF evolu-
tion at 3-, 6-, or 9-month follow-up. In future research, we should also consider reiterating the
EWI scans at clinical follow-up within a longitudinal study. By comparing the follow-up scan
results to the initial EWI acquisitions, we would assess %RMLV evolution from the day of im-
plantation, and explore whether it could potentially be representative of CRT-induced reverse
LV remodeling and improved function across dierent response subgroups.
On the other hand, several adjustments can be implemented in order to further rene the
Random Forest ML model introduced and optimized in Chapter 7. In addition to the categorical
features previously described, we could investigate the impact of the following additional fea-
tures on the model’s performance: (i) atrial vs ventricular region of interest; (ii) myocardial wall
segment the corresponding (Xi, Yi) points belong to; (iii) the tilt angle of the LV longitudinal me-
dian axis in each view that could aect the coordinate system across cases; as well as (iv) the type
of cardiac rhythm studied. Patients with other co-morbidities such as ischemia would probably
have less physiological strain curves, due to potential tethering for instance or reduced strain am-
plitudes. Testing the Random Forest classier on other arrhythmias would thus be interesting in
order to evaluate whether the model remains generalizable and robust with new types of rhythms.
Additionally, all afore-mentioned numerical strain curve features could also be collected again,
but for negative-to-positive upward zero-crossing (ZC) locations this time. is could be useful
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for parasternal-long-axis view acquisitions, when the myocardial wall is orthogonal to the axial
direction of the ultrasound beam, as previously explained in Chapter 4, as well as for the atrial
roof portion of the isochrones. Considering negative-to-positive ZCs might also help get rid of
discontinuities in the isochrone activation paerns at the apex due to complex ber orientation
in that region. Last but not least, we could assess feature importance to get a beer sense of what
drives the ML model, as well as examine feature selection. is could be achieved by testing
various feature combinations using a grid search, and evaluating the resulting performance. We
could then apply some feature dimensionality reduction techniques accordingly.
In the future, we could also explore the use of a dierent learning approach, e.g., semi-
supervised learning to increase the number of labeled samples included in the training dataset. In
addition, we could envision using a deep learning approach with no manual feature engineering
step required, where the model would extract the features on its own. is could be achieved by
directly feeding the incremental strain curve signals to a convolutional neural network (CNN) as
the input data. We would exploit the ability of convolutional layers to extract useful knowledge
and learn the internal representation of time-series data [67]. In fact, in CNNs, dierent features
are extracted through convolution using lters whose weights are automatically learned during
training [176], [217]. In our case, the automated isochrone generation process would consist of
a regression task [23], in which the CNNs would need to nd the correct ZC positions on the
temporal strain curves, and not classify the strain curves themselves.
Finally, for real-time implementation of EWI, we can conceive a combination of automated
followed by manually adjusted ZC selection for the isochrone generation process. In fact, an
observer’s input could help the ML classier by manually labeling a limited number of samples
for which the algorithm has the least condence in (e.g., some of the discarded pixels with lower
ZC voting probabilities when the recall condition was set to 40%). rough “active learning”, we
could therefore further improve the model’s learning process.
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Supplementary Material for Chapter 5
A.1 AP localization in WPWminors
Figure A.1: EWI isochrones of a 16-year-old male with a right posteroseptal AP before ra-
diofrequency ablation, taken from [134]. (a) Anterior view of the 3D-rendered isochrone prior
to catheter ablation showing earliest activation in the right posteroseptal area. e single lead
ECG obtained simultaneously with EWI is included, as well as 2-cm scale bars for spatial reso-
lution; (b) Cross section of the previous 3D-rendered isochrones at the valve level and color bar
for activation timings; (c) Electroanatomic map in Le Anterior Oblique (LAO) view showing
the His cloud (yellow dots), and the site of successful ablation in the posteroseptal RA (red dot);
(d) A 12-lead ECG performed prior to catheter ablation. TV=tricuspid valve, MV=mitral valve,
SVC=superior vena cava, IVC=inferior vena cava, CS=coronary sinus.
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A.1. AP LOCALIZATION IN WPW MINORS
Figure A.2: EWI isochrones of a 12-year-old female with a right lateral AP before (i) and aer
(ii) successful radiofrequency ablation, taken from [134]. (i, a) Anterior view of the 3D-rendered
isochrone prior to catheter ablation showing earliest activation in the lateral RV. Scale bars = 2
cm are shown for spatial resolution and single-lead ECG obtained with EWI are included; (b)
Posterior view of the 3D-rendered isochrone prior to catheter ablation; (c) Cross section of the
previous 3D-rendered isochrones at the valve level and color bar for activation timings; (d) A
12-lead ECG performed prior to catheter ablation; (e) Electroanatomic map in LAO view show-
ing the His cloud (yellow dots), and the site of successful ablation in the posterolateral RA (red
dot); (ii, a) Anterior view of the 3D-rendered EWI isochrone aer catheter ablation showing nor-
mal sinus activation of the ventricles; (b) Posterior view of the 3D-rendered EWI isochrone aer
catheter ablation showing normal sinus activation of the ventricles; (c) Cross section of the 3D-
rendered EWI isochrone at the valve level aer catheter ablation and color bar for activation
timings. TV=tricuspid valve, MV=mitral valve, SVC=superior vena cava, IVC=inferior vena cava,
CS=coronary sinus.
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A.2. VENTRICULAR ARRHYTHMIA LOCALIZATION IN ADULTS
A.2 Ventricular arrhythmia localization in adults
WPW (N=12) PVC (N=11)
Comorbidities
CAD 1 (8%) 1 (9%)
CKD 1 (8%) 0 (0%)
CHF 0 (0%) 7 (64%)
Stroke or TIA 0 (0%) 1 (9%)
Atrial brillation 2 (17%) 0 (0%)
VT/VF 0 (0%) 0 (0%)
Previous catheter ablation 1 (8%) 1 (9%)
Previous cardiac surgery 1 (8%) 0 (0%)
On antiarrhythmic medication 1 (8%) 0 (0%)
Previous echocardiography data n=6 n=11
LVEF (mean) 57 ± 6 39 ± 18
EF < 50% 0 (0%) 7 (64%)
LA diameter (mean) 3.0 ± 0.7 3.7 ± 0.5
LA ≥ 4.0 cm 1 (8%) 4 (36%)
LVEDD (mean) 4.8 ± 0.4 5.5 ± 0.8
Wall motion abnormality 0 (0%) 5 (45%)
Table A.2: Patient clinical characteristics by ventricular arrhythmia subgroup. CAD = coronary
artery disease, CKD = chronic kidney disease, CHF = congestive heart failure, TIA = transient
ischemic aack, VT = ventricular tachycardia, VF = ventricular brillation, EF = ejection fraction,
LVEDD = le ventricular end diastolic diameter.
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A.2. VENTRICULAR ARRHYTHMIA LOCALIZATION IN ADULTS
Figure A.3: EWI isochrones of a 34-year-old male with a posteroseptal accessory pathway before
ablation, taken from [83]. (a) 12-lead ECG obtained at the time of EWI acquisition prior to catheter
ablation; (b) Four 2D isochrones of the ventricles illustrating the earliest point of activation in
the basal posteroseptal wall; (c) 3D-rendered isochrones of the ventricles in the anterior view
(le) and posterior view (right); (d) Coronal slice of the anterior 3D-rendered isochrone; (e) Cross
section of the 3D-rendered isochrones at the level of the basal ventricles.
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A.2. VENTRICULAR ARRHYTHMIA LOCALIZATION IN ADULTS
a) Overall correct *
Diagnosis EWI (N) EWI (% correct) ECG (N) ECG (% correct)
WPW 12 100% 72 64%
PVC 11 91% 60 80%
b) Direct comparison of EWI vs 12-lead ECG **
Diagnosis OR (95% CI) P
WPW 9.1 (1.4 -∞) 0.016
PVC 2.25 (0.2-23.4) 0.497
c) Interobserver agreement of ECG reads between clinicians
Diagnosis Kappa (agreement) [129]
WPW 0.33 (minimal)
PVC 0.33 (minimal)
Table A.3: EWI vs ECG results for the ventricular arrhythmias. * EWI and ECG % correct include
both exact segments and immediately adjacent segments as described in Methods. ECG (N) =
number of cases with ECG available × 6 blinded clinician readers. For further characterization of
EWI and ECG accuracy for WPW and PVC in adults, please see Fig.5.8. ** Odds ratios (ORs) for
WPW were calculated using exact logistic regression, while for PVC patients they were performed
with generalized linear mixed model. CI = condence interval.
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A.3. ATRIAL ARRHYTHMIA LOCALIZATION IN ADULTS
A.3 Atrial arrhythmia localization in adults
Autter (N=25) ATach (N=7)
Comorbidities
CAD 5 (20%) 1 (14%)
CKD 2 (8%) 0 (0%)
CHF 10 (40%) 1 (14%)
Stroke or TIA 5 (20%) 2 (29%)
Atrial brillation 9 (36%) 3 (43%)
VT/VF 4 (16%) 0 (0%)
Previous catheter ablation 3 (12%) 2 (29%)
Previous cardiac surgery 5 (20%) 3 (43%)
On antiarrhythmic medication 8 (32%) 5 (71%)
Previous echocardiography data n=17 n=6
LVEF (mean) 43 ± 17 55 ± 19
EF < 50% 9 (36%) 1 (14%)
LA diameter (mean) 4.5 ± 0.6 4.2 ± 0.8
LA ≥ 4.0 cm 9 (36%) 1 (14%)
LVEDD (mean) 5.1 ± 0.5 5.0 ± 0.6
Wall motion abnormality 2 (8%) 0 (0%)
Table A.4: Patient clinical characteristics by atrial arrhythmia subgroup. CAD = coronary artery
disease, CKD = chronic kidney disease, CHF = congestive heart failure, TIA = transient ischemic
aack, VT = ventricular tachycardia, VF = ventricular brillation, EF = ejection fraction, LVEDD
= le ventricular end diastolic diameter.
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A.3. ATRIAL ARRHYTHMIA LOCALIZATION IN ADULTS
Figure A.4: EWI isochrones of a 34-year-old female with a right lateral free wall ATach before
ablation, adapted from [83]. (a) Four 2D isochrones of the atria with the earliest point of activation
in the lateral right atrium; (b) 3D-rendered isochrones of the atria in the anterior view (le) and
posterior view (right) with single lead ECG obtained during EWI acquisition displayed below.
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A.3. ATRIAL ARRHYTHMIA LOCALIZATION IN ADULTS
Figure A.5: EWI isochrones of the same 61-year-old male from Fig.5.10-ii with a le-sided mitral
uer, taken from [83]. e upper image shows the same isochrone as Fig.5.10-ii but rotated to
be viewed from an inferior perspective. Included is the 100 ms color bar and the ECG tracing.
e boom image is identical data of the le atrial isochrone, but the isochrone is displayed over
a shorter time period, as seen with the 35 ms color bar. is allows for easier visualization of the
direction of rotation of the uer circuit.
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A.3. ATRIAL ARRHYTHMIA LOCALIZATION IN ADULTS
a) Overall correct *
Diagnosis EWI (N) EWI (% correct) ECG (N) ECG (% correct)
ATach 7 100% 36 50%
Auer 25 96% 144 74%
b) Direct comparison of EWI vs 12-lead ECG **
Diagnosis OR (95% CI) P
ATach 7.53 (1.0 -∞) 0.051
Auer 8.2 (1.0-67.1) 0.049
c) Interobserver agreement of ECG reads between clinicians
Diagnosis Kappa (agreement) [129]
ATach 0.00 (none)
Auer 0.37 (minimal)
Table A.5: EWI vs ECG results for the atrial arrhythmias. * EWI and ECG % correct include both
exact segments and immediately adjacent segments as described in Methods. ECG (N) = number
of cases with ECG available × 6 blinded clinician readers. ** Odds ratios (ORs) for ATach were
calculated using exact logistic regression, while for Auer patients they were performed with
generalized linear mixed model. CI = condence interval.
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Supplementary Material for Chapter 6
B.1 CRT response prediction within 24 hours of implant
Figure B.1: Population breakdown for the recruited heart failure patients with LBBB. Cohort 1
corresponds to the study from section 6.1, while cohort 2 includes the cases from section 6.2.
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B.1. CRT RESPONSE PREDICTION WITHIN 24 HOURS OF IMPLANT
Figure B.2: 3D-rendered isochrones of an 82-year-old male with heart failure and LBBB. e
patient (responder) was scanned in (a) ASVS baseline and (b) biventricular pacing within 24 hours
of his CRT implant. LWAT were computed on the 3D-rendered isochrones. LVEF with CRT was
retrieved at 3-month follow-up.
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B.1. CRT RESPONSE PREDICTION WITHIN 24 HOURS OF IMPLANT
Figure B.3: 3D-rendered isochrones of a 66-year-old male with heart failure and LBBB. e
patient (non-responder) was scanned in (a) RV pacing baseline and (b) biventricular pacing within
24 hours of his implant. LWAT were computed on the 3D-rendered isochrones. LVEF with CRT
was retrieved at 3-month follow-up.
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B.1. CRT RESPONSE PREDICTION WITHIN 24 HOURS OF IMPLANT
Figure B.4: Clinical and EWI-based prediction metrics before and aer CRT within 24 hours of
implantation in the 3 response subgroups (whiskers: min, max; line: median): (a) QRS durations;
(b) LWAT; and (c) %RMLV . e colored boxes with stripes correspond to the baseline values, while
the plain colored boxes represent the with CRT values. Paired tests (from baseline to with CRT)
were performed: Student’s t-test on QRS durations and LWAT, and non-parametric Wilcoxon
signed-rank test on %RMLV values: * p ≤ 0.05, *** p ≤ 0.0005 and **** p ≤ 0.0001. SUPER =
super-responders, RESP = responders, NON RESP = non-responders.
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B.2. HIS BUNDLE PACING TOWARDS A MORE PHYSIOLOGICAL ACTIVATION PATTERN
B.2 His Bundle pacing towards a more physiological acti-
vation pattern
Figure B.5: Histograms of the activation time distributions and associated dispersion values for
three His Bundle pacing cases (Patients 1, 3 and 4 from Table 6.3). Std = standard deviation.
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B.2. HIS BUNDLE PACING TOWARDS A MORE PHYSIOLOGICAL ACTIVATION PATTERN
Figure B.6: Histograms of the activation time distributions and associated dispersion values for
three LBBB patients with no pacing. Std = standard deviation.
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B.2. HIS BUNDLE PACING TOWARDS A MORE PHYSIOLOGICAL ACTIVATION PATTERN
Figure B.7: Histograms of the activation time distributions and associated dispersion values for
three chronic RV apex pacing patients. Std = standard deviation.
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B.2. HIS BUNDLE PACING TOWARDS A MORE PHYSIOLOGICAL ACTIVATION PATTERN
Figure B.8: Histograms of the activation time distributions and associated dispersion values for
three conventional BiV pacing CRT patients. Std = standard deviation.
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B.2. HIS BUNDLE PACING TOWARDS A MORE PHYSIOLOGICAL ACTIVATION PATTERN
Figure B.9: Histograms of the activation time distributions and associated dispersion values for
three healthy adult volunteers in normal sinus rhythm (NSR). Std = standard deviation.
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Supplementary Material for Chapter 7
Figure C.1: Multi-2D isochrones generated with the two heuristic-based automated approaches
on the example of an anterior LV paced canine taken from the testing dataset and compared to
the manually generated ground truth isochrones.
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C. AUTOMATED ISOCHRONE GENERATION PROCESS
Figure C.2: Multi-2D isochrones generated with the two best ML-based automated approaches
on the example of the LV paced canine (Fig.7.3) taken from the testing dataset compared to the
manually generated isochrones. e EWI isochrones are shown for the manual ground truth, the
SVM classier and the Random Forest model. e two boom rows correspond to the models
results with the 2nd voting approach: probability threshold applied to the ZC candidates while
satisfying a given set recall value. e key dierence for the very last row is the considerably
larger amount of pixels the models were applied on, not previously used in the initial ground
truth manual ZC selection. All ML algorithms generated the isochrones with their tuned hyper-
parameters: elastic net L1-ratio = 0.5; kernel = radial basis function and n estimators = 200.
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C. AUTOMATED ISOCHRONE GENERATION PROCESS
Figure C.3: Multi-2D myocardial segmented masks (displayed in light blue) illustrating the
(Xi, Yi) pixel locations (indicated by the black +) used for each zero-crossing selection approach
on the previous antero-lateral LV paced canine example (Figure C.2).
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Figure C.4: Incremental axial strain curves for 4 points in the RV free wall (black dashed outline)
from the apical 3.5-chamber view isochrone of the antero-lateral LV paced canine. e dierent
zero-crossing candidates are displayed in red on the curves. e circled region over the myocar-
dial mask corresponds to the area of recovered precision from Figure C.2 for the Random Forest
model with the 2nd voting approach.
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C. AUTOMATED ISOCHRONE GENERATION PROCESS
Figure C.5: 3D-rendered isochrones generated with the dierent automated approaches on the
example of a le lateral accessory pathway in a WPW patient taken from the validation dataset
compared to the manually generated isochrone. e 3D-rendered EWI isochrones are shown for:
a) Manual ground truth; b) Heuristic-based automated baseline selecting always the rst occuring
ZCs; c) ML model with logistic regression classier; d) ML model with SVM classier; and e) ML
model with Random Forest classier. e boom row for (c-e) corresponds to the ML models
results with the 2nd voting approach: probability threshold applied to the ZC candidates while
satisfying a recall > 70%. e ML model-based automated algorithms generated the isochrones
(c-e) with their tuned hyperparameters: elastic net L1-ratio = 0.5; kernel = radial basis function
and n estimators = 200.
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